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Abstract

Recent advances in large language models
(LLMs) have introduced explicit reasoning ca-
pabilities, yet the factors that truly drive their
improved performance remain unclear. In this
work, we disentangle the effects of reason-
ing quality and sequence length by fine-tuning
8B models on several Polish variants of the
Mixture-of-Thoughts (MoT-PL) dataset, each
representing a distinct reasoning style: De-
tailed, Summarized, BabyThink, Lengthy. We
found that the model trained on high-quality
reasoning traces achieved better average per-
formance than all other models; neither longer
reasoning with similar quality nor low-quality
reasoning with similar length achieved similar
gains. Qualitative and quantitative analyses fur-
ther reveal that reasoning clarity, rather than
verbosity, is the dominant factor driving model
performance. These findings underscore the im-
portance of reasoning content quality in LLM
training and provide new insights into design-
ing more effective reasoning-oriented datasets
and models.

1 Introduction

Large Language Models (LLMs) have recently
been augmented with explicit reasoning capabil-
ities, enabling them to generate intermediate ex-
planations before producing a final answer. Tech-
niques such as Chain of Thought (CoT) prompt-
ing (Wei et al., 2022; Kojima et al., 2022) and
the development of dedicated reasoning models
(OpenAl, 2025; Guo et al., 2025; Anthropic, 2025)
have led to significant improvements across tasks
requiring logical inference (Pihulski and Kocon,
2025; Langner et al., 2025). These approaches of-
ten rely on extended reasoning traces, which are
hypothesized to enhance accuracy by decompos-
ing complex problems and allowing self-correction.
Despite this progress, the precise role of reason-
ing in improving model performance remains un-
clear (Shojaee et al., 2025; Lawsen, 2025). To

address these uncertainties, we investigate what
truly matters in LLM reasoning. Specifically, we
disentangle the effects of reasoning content quality
and sequence length using Polish-language datasets
derived from Mixture-of-Thoughts, and evaluate
their impact on LLM performance across domains.

The following research questions guided the de-
sign and analysis of our experiments:

RQ1: Do LLMs need reasoning tokens to
achieve better performance?

RQ2: Does reasoning improve LLMs’ perfor-
mance because of the content quality of
the reasoning part, or because of the arti-

ficially prolonged computation?

RQ3: How much performance gain can we
achieve from improving the content qual-
ity of the reasoning part alone, while
maintaining a similar sequence length,

when fine-tuning an LLM?

The contributions presented in this work include:
(1) The first work to our knowledge that decouples
reasoning quality from reasoning length to ana-
lyze its influence on model performance; (2) The
empirical evidence showing reasoning quality as
the most important factor influencing model per-
formance, and how exactly reasoning length may
boost or degrade model performance; (3) A Polish
reasoning dataset to support the development of
Polish-centric and multilingual reasoning LLMs.

1.1 Related Work

The role and nature of generated reasoning traces
remain actively debated, with studies offering di-
vergent interpretations. Shojaee et al. (Shojaee
et al., 2025) argued that reasoning-augmented mod-
els outperform standard LLMs only on limited task
types, exhibiting both catastrophic failures on com-
plex problems and “overthinking” behavior on sim-
pler ones. However, Lawsen (Lawsen, 2025) later
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Figure 1: We translated a subset of Mixture-of-Thoughts into Polish, which was split into a training set (MoT-PL)
and evaluation set (MoT-PL-eval). Then, we created three additional variants of MoT-PL by paraphrasing only the
reasoning part of each example: the Summarized style makes the reasoning much more concise, the BabyThink
style greatly simplifies the reasoning, and the Lengthy style prolongs the reasoning. Afterwards, we fine-tuned
Llama-PLLuM-8B-instruct on these datasets separately and evaluated the resulting models.

challenged these conclusions, pointing out method-
ological flaws in the original evaluation and ques-
tioning its experimental design.

Recent work has also examined the relationship
between reasoning length and task accuracy. Jin
et al. (Jin et al., 2024) claimed that extending the
reasoning length regardless of the actual quality of
the reasoning would boost model performance. On
the other hand, Wu et al. (Wu et al., 2025) demon-
strated an inverted U-shaped relationship between
Chain-of-Thought (CoT) length and performance,
suggesting an optimal reasoning span that balances
task decomposition with error accumulation. Other
studies (Chua and Evans, 2025; Chen et al., 2025;
Kambhampati et al., 2025) highlight that LLM rea-
soning traces often diverge from genuine logical in-
ference: models frequently omit explicit premises,
and the correctness of reasoning steps does not
necessarily correlate with answer accuracy. Col-
lectively, these findings caution against equating
reasoning traces with human-like thought and mo-
tivate further investigation into which aspects of
reasoning truly drive LLM performance.

2 Polish Mixture-of-Thoughts

Mixture-of-Thoughts is a dataset containing 350K
English reasoning examples from math, pro-
gramming, and science domains distilled from
DeepSeek-R1. It was used in the Open RI1
project (HuggingFace, 2025; Lozhkov et al., 2025;
Penedo et al., 2025; Bercovich et al., 2025). We
randomly selected ~32K examples to be translated

into the Polish language utilizing DeepSeek-V 3-
0324 (DeepSeek-Al, 2024).

Initially, we performed manual inspection on
some outputs to refine the prompts and identify
potential issues. We translated the user message,
the reasoning part of the assistant message, and the
final answer of the assistant message of every ex-
ample separately to fit within the LLM’s supported
context length. We identified potential issues, such
as: (1) Failed translation where the LLM output is
still in English instead of Polish; (2) Failed transla-
tion where the model repeats an example given in
the prompt instead of translating the target text;
(3) Artefacts from the prompt formatting, such
as repeated delimiters. After identifying these is-
sues, we programmatically filtered out examples
that might contain errors by using: (1) the Python
port! of the langdetect library (Nakatani, 2010) to
ensure that the LLLM output is in Polish; (2) the
BERTScore metric (Zhang et al., 2020) to ensure
semantic alignment between user message, reason-
ing part, and final answer, eliminating cases of
repeated examples; (3) a list of blacklisted strings
created from the identified artefacts, so that every
occurrence of a blacklisted string can be simply
removed from the translation. Similar processes
were also conducted to ensure the quality of the
paraphrased datasets.

The training set, MoT-PL, contains 22,571 ex-
amples in total, consisting of 6,320 (28%) math
examples, 3,837 (17%) programming examples,

1https: //github.com/Mimino666/langdetect
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and 12,414 (55%) science examples. Additionally,
we also set apart 900 held-out examples for evalua-
tion (MoT-PL-eval); there is no overlap between
the training set and the evaluation set.

3 Experimental Setup

3.1 Datasets

We prepared four variants of MoT-PL: Detailed,
Summarized, BabyThink, and Lengthy (see Fig-
ure 1). All variants contain identical questions
and final answers; they differ only in the reasoning
parts. The difference lies in reasoning quality and
reasoning length. Reasoning quality is defined by
the level of details relevant for answering a given
user prompt, while reasoning length is defined by
the number of tokens in the sequence. Table 1 de-
scribes the differences between these four datasets
in these aspects. Modification of the reasoning
parts was performed by automatic paraphrasing
using DeepSeek-V3-0324. Appendix E provides
the prompts used for the paraphrasing, along with
samples from the datasets.

The Detailed dataset is MoT-PL as described
in Section 2 without any modification. The rea-
soning parts are equivalent to the original English
examples, and we consider it as high-quality rea-
soning. On average, each example’s reasoning part
contains ~2,523 tokens.

The Summarized dataset was created by para-
phrasing the original Polish reasoning into a more
compact and concise form while still preserving
the essential details. The average length of the
reasoning part of the examples is ~444 tokens.

The BabyThink dataset was created by para-
phrasing the original Polish reasoning into a “child-
like” style, removing fine details and transforming
the text into a simplistic form, similar to how a
baby talks to an adult. Each example’s reasoning
part contains ~2,661 tokens on average, roughly
similar to that of the Detailed dataset.

The Lengthy dataset was designed to preserve
the overall meaning and detailed reasoning struc-
ture of the original Polish text while paraphrasing
it to be at least twice as long. The average length
of the reasoning part of the examples in this dataset
is ~4,884 tokens.

To validate our claim about the levels of reason-
ing quality in these datasets, we selected 1,000
random samples and conducted pairwise rank-
ing using LLM-as-a-judge. This allowed us to
measure their reasoning quality relative to each

Table 1: Reasoning quality and reasoning length of each
dataset variant.

Variant Quality Length
Detailed high original
Summarized high shorter than original
Lengthy high longer than original
BabyThink low similar to original

Table 2: Average pairwise comparison scores of De-
tailed, Summarized, and Lengthy reasoning variants
when compared against BabyThink.

Variant Judge-Qwen Judge-Llama
Detailed 0.999 0.985
Summarized 0.995 0.997
Lengthy 0.998 0.984

other. We repeated the process twice with dif-
ferent models as the LLM judge: firstly us-
ing Qwen3-235B-A22B-Instruct-2507-FP8 (Qwen
Team, 2025) (Judge-Qwen), and secondly using
Llama-3.3-70B-Instruct (Grattafiori et al., 2024)
(Judge-Llama), to minimize the risk of bias. For
every sample, the judge was given the user prompt,
the reasoning part of Assistant A, and the reason-
ing part of Assistant B. The judge was asked to
determine which of the two reasoning variants con-
tained more useful information for answering the
user prompt. The judge output a verdict by choos-
ing Assistant A, Assistant B, or Tie, accompanied
by a brief explanation. Finally, the scoring for each
reasoning style was done by assigning 1 for a win,
or 0 for a loss. In the case of a tie, both reasoning
styles in the pair were assigned 1. Invalid outputs
were not included in calculating the final score.

Table 2 presents the average pairwise compari-
son scores of Detailed, Summarized, and Lengthy
reasoning variants when compared against Baby-
Think. Each of the three aforementioned variants
achieved an average score that is very close to 1
from both LLM judges, strongly indicating that
the reasoning quality is superior compared to the
BabyThink version. Appendix B provides more
details on the pairwise comparison procedure and
additional analysis.

3.2 Model

We used Llama-PLLuM-8B-instruct (Kocon
et al., 2025; Pezik et al., 2025) as the starting point
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of our experiments. This model is based on Llama-
3.1-8B (Grattafiori et al., 2024), created by contin-
ual pre-training on Polish-centric corpus, followed
by instruction fine-tuning with Polish examples.
Llama-PLLuM-8B-instruct has not been trained
for explicit reasoning. Before our fine-tuning, we
added <think> and </think> to the tokenizer as
special tokens, and extended the model’s token em-
beddings accordingly. Technical details related to
our fine-tuning are provided in Appendix C.

3.3 Evaluation

We evaluated our models using four datasets:

¢ Belebele (Bandarkar et al., 2024), a multilin-
gual multiple-choice reading comprehension
benchmark consisting of context passages,
questions, and four answer choices, with one
correct answer;

* Aya Collection (Singh et al., 2024), a multi-
lingual instruction-following benchmark cov-
ering various task types, including question
answering, classification, and summarization;

¢ MoT-PL-eval, the held-out evaluation set of
our Polish translation of Mixture-of-Thoughts
previously described in Section 2, used to mea-
sure reasoning performance in the target do-
mains and language;

* LightR1 (Wen et al., 2025), a benchmark com-
posed of challenging reasoning tasks requiring
multi-step problem-solving in English.

For each dataset, we sampled 900 examples from
the respective test split using a stratified sampling
strategy to ensure balanced coverage across task
type and, where applicable, the length of the refer-
ence reasoning. All generations were produced us-
ing a fixed set of decoding parameters (see Table 8)
to ensure consistency. Each generation was allowed
to continue until the end-of-sequence (EOS) token
was generated.

We used the LLM-as-a-judge paradigm to eval-
uate our models, similar to the evaluation method-
ology introduced in the Open R1 project. We de-
ployed DeepSeek-R1-0528 to label each response
as either correct or incorrect. Finally, accuracy was
computed as the percentage of correct responses
over the evaluation set. Details related to the
prompting technique and validation of the LLM-as-
a-Judge are given in the Appendix D.

4 Experimental Results

Table 3 compares the performance of the fine-tuned
versions of Llama-PLLuM-8B-instruct with the
original model across all evaluation datasets. Fine-
tuning on the Detailed dataset led to the largest gain
on MoT-PL-eval with 12.1 percentage points (pp.)
improvement. It also gave some improvements on
Polish (10 pp.) and English (11.8 pp.) Belebele,
as well as the English subset of Aya Collection (4
pp.). Meanwhile, the models fine-tuned on Summa-
rized (6.5 pp. gain), BabyThink (3.6 pp. gain), and
Lengthy (3.6 pp. gain) datasets were better than the
original model on MoT-PL-eval. Yet, their gains
were noticeably lower compared to the Detailed
dataset. Table 4 further breaks down the results
from MoT-PL-eval by domain; the Detailed model
achieved the highest scores on Math and Science,
while the original model achieved the highest on
Code, followed by Lengthy and Detailed.

5 Discussion

RQ1. Explicit reasoning can lead to better per-
formance if the training data possess sufficiently
good quality and an ideal level of verbosity. The
Detailed model was fine-tuned on the original Pol-
ish translations of DeepSeek-R1’s reasoning traces,
and it achieved the highest average score. On
the contrary, the Summarized, BabyThink, and
Lengthy models were also fine-tuned for explicit
reasoning, yet their average scores were lower than
the original model. This indicates the characteris-
tics of the training data are important to achieve the
performance boost.

We also analyzed why the original model out-
performed the fine-tuned models in coding. After
analyzing several sample outputs, we found that the
original model does not always generate executable
code. Instead, it frequently provides a natural-
language description of how the code should func-
tion to satisfy the task constraints. The LLM-as-a-
judge often accepts such descriptive explanations
as valid solutions if they conceptually fulfill the
task requirements. In contrast, the fine-tuned mod-
els tend to generate actual code snippets derived
from its reasoning process. Yet, they sometimes
overlook given constraints or hallucinate additional
ones not specified in the task. This behavior can be
explained by the fact that the examples in the Code
category account for only about 17% of the total
data, which we believe is too small to achieve any
meaningful performance in coding.
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Table 3: Experimental results on belebele, aya collection, MoT-PL-eval, and LightR1.

Model belebele-PL.  belebele-EN aya-PL. aya-EN MoT-PL-eval LightR1 | Avg.
(original) 0.609 0.656 0.656 0.552 0.316 0.172 | 0.494
Detailed 0.709 0.774 0.584 0.592 0.437 0.146 | 0.540
BabyThink 0.516 0.609 0.463 0.331 0.352 0.079 | 0.392
Lengthy 0.526 0.593 0.257 0.187 0.352 0.135 | 0.342
Summarized 0.500 0.568 0.377 0.248 0.381 0.076 | 0.358

Table 4: Breakdown of the experimental results on MoT-
PL-eval per category.

Model MATH CODE SCIENCE
(original) 0.103 0.138 0.479
Detailed 0.145 0.054 0.695
BabyThink 0.082 0.037 0.589
Lengthy 0.085 0.056 0.576
Summarized  0.102 0.031 0.635

RQ2. The main factor that enables explicit
reasoning to improve model performance is the
quality of the reasoning content. This is evi-
denced by the Detailed model achieving the best
average score when fine-tuned on high-quality data,
while BabyThink — similar in length but lower in
quality — performed worse, showing quality out-
weighs length.

The Summarized model, trained on overly con-
cise data that removed back-stepping, failed to
learn self-reflection, reducing accuracy. The
Lengthy model, trained on similarly high-quality
but longer traces, also underperformed. Hence,
reasoning length matters not for longer compu-
tation, but for enabling self-reflection.

To further study the link between reasoning be-
havior and performance, we analyzed reasoning
length by model and correctness using Welch’s ¢-
test (see Appendix E.1). Correct responses consis-
tently contained fewer reasoning tokens, showing
that longer reasoning is not necessarily beneficial
and that the structure and relevance of reasoning
matter more than its length.

RQ3. The Detailed and BabyThink models were
fine-tuned for similar reasoning lengths. Their
results showed that optimizing the reasoning
quality alone while keeping a similar reason-
ing length can lead to 14.8 pp. gain on average.
This shows that carefully crafting the structure and
details of reasoning traces is crucial to improve
model performance.

Observed performance degradation on some
particular tasks. While the Detailed model
achieved the best overall performance, its scores
are slightly lower compared to the base non-
reasoning model on the Polish subset of aya collec-
tion (0.584 vs 0.656) and the English reasoning task
LightR1 (0.146 vs 0.172). This can be attributed to
the fact that we only used MoT-PL as our training
data. As a result, the model lost some degree of
capability on non-reasoning tasks and non-Polish
tasks. In the continual learning domain, this phe-
nomenon is known as catastrophic forgetting (Rat-
cliff, 1990; McCloskey and Cohen, 1989). When
subjected to learning new information, the model
forgets previously learned knowledge. To avoid
this problem in a real-world scenario, one way is
to mix some samples that represent the model’s
existing knowledge into the training data during
fine-tuning; this approach is known as rehearsal or
replay (Shi et al., 2025). Alternative training tech-
niques (Kirkpatrick et al., 2017; Ke et al., 2021;
Ferdinan et al., 2024; Wei Jie et al., 2024) that care-
fully update the model’s parameters to minimize
catastrophic forgetting have also been proposed.
However, such considerations are outside the scope
of our work, which focuses on the impact of rea-
soning quality and reasoning length.

6 Conclusion

Our experiments demonstrate how quality and
length of reasoning influence model performance.
We found reasoning quality to be the most impor-
tant factor in boosting accuracy across multilingual
benchmarks and reasoning-focused tasks. Longer
reasoning does not lead to performance gain, high-
lighting that effective reasoning is more than just
additional computation. These findings suggest
that training data for explicit reasoning must be
well-structured and relevant to help the model gen-
eralize and solve complex problems effectively.
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A Dataset Availability

Our datasets are publicly available on
https://huggingface.co/collections/
clarin-knext/mot-pl.

B Dataset Statistics

Table 5 presents the average length of each example
in Detailed, Summarized, BabyThink, and Lengthy
datasets. Here, we show the average length of the
reasoning part of each example in terms of tokens
and characters. We also show the average length
of the full sequence (including user message and
assistant message) of each example, also in terms of
tokens and characters. The user message and final
answer in the assistant message are identical across
four datasets; yet, the reasoning part is different:
Summarized is much shorter compared to Detailed,
BabyThink is roughly similar, while Lengthy is
about twice longer.

As mentioned previously in Section 3.1, we
conducted pairwise rankings on 1,000 random
samples across four dataset variants (Detailed vs
Summarized, Detailed vs BabyThink, Detailed
vs Lengthy, Summarized vs BabyThink, Sum-
marized vs Lengthy, BabyThink vs Lengthy)
to validate their relative quality levels using
Qwen3-235B-A22B-Instruct-2507-FP8 and Llama-
3.3-70B-Instruct as LLM judges. For every sample,
the LLM judge was given the user prompt, the rea-
soning part of Assistant A, and the reasoning part
of Assistant B. The judge was asked to determine
which of the two reasoning variants contained more
useful information for the given user prompt, en-
suring that all parts of the response were relevant
to the user’s input and that the response sufficiently
addressed the query without omitting important de-
tails. If both responses contained similarly useful
information, the result was considered a tie, re-
gardless of length or conciseness. The LLM judge
output a verdict by choosing Assistant A, Assis-
tant B, or Tie, accompanied by a brief explanation.
Finally, the scoring for each reasoning style was
done by assigning 1 for a win, or O for a loss. In the

case of a tie, both reasoning styles in the pair were
assigned 1. Meanwhile, in the case of invalid out-
put from the LLM judge, the pair was not included
in calculating the final score. Notably, all outputs
from Qwen3-235B-A22B-Instruct-2507-FP8 were
valid, while only 12 outputs from Llama-3.3-70B-
Instruct were found to be invalid.

Table 6 shows that Detailed, Summarized, and
Lengthy reasoning variants possess significantly
higher quality than BabyThink. This is true both
when we consider only the 1,000 comparisons
vs BabyThink, and also when we aggregate all
scores from 3,000 comparisons across all variants.
Furthermore, the average scores of Detailed and
Summarized reasoning according to Qwen3-235B-
A22B-Instruct-2507-FP8 are very close to each
other. Notably, the average score of Lengthy rea-
soning is the highest according to Qwen3-235B-
A22B-Instruct-2507-FP8; after evaluating the ex-
planations, we concluded that this is because the
LLM judge is slightly biased towards longer elabo-
ration when both assistant responses possess sim-
ilar quality. On the other hand, we observe that
Llama-3.3-70B-Instruct is more sensitive to reason-
ing length when making decision (even though it
has been asked to judge based solely on relevance
and coverage, regardless of the conciseness), and
the judgment tends to be less stable compared to
Qwen3-235B-A22B-Instruct-2507-FP8. Still, the
differences between Detailed, Summarized, and
Lengthy are relatively small compared to the Baby-
Think reasoning, indicating that these three reason-
ing variants have roughly similar quality.

C Fine-tuning Technical Details

Experiments were conducted on the LEM clus-
ter of WCSS?. Every node in the cluster features
four NVIDIA H100-94GB GPUs, Intel(R) Xeon(R)
Platinum 8462Y+ CPU, and up to 996GB RAM.
Each fine-tuning of the 8B model utilized 4 nodes.

We employed the trl library from Hugging-
Face, specifically using the SFTTrainer class,
AdamW optimizer, and DeepSpeed ZeRO Stage-3
for distributed training.The key hyperparameters
are shown in Table 7.

D Details of LLM-as-a-judge

To automatically assess the correctness of model
outputs across datasets, we adopt the LLM-as-
a-judge paradigm.  Specifically, we employ

2https: //www.wecss.pl/en/
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Table 5: Statistics of Detailed, Summarized, BabyThink, and Lengthy Datasets.

Detailed Summarized BabyThink Lengthy

Avg. token count of reasoning part 2,523 444 2,661 4,884
Avg. character count of reasoning part 6,311 1,083 6,775 10,211
Avg. token count of full sequence 3,259 1,281 3,354 5,405
Avg. character count of full sequence 8,240 3,298 8,586 14,249

Table 6: Average pairwise comparison scores of all dataset variants.

Variant Number of comparisons Judge-Qwen Judge-Llama
Detailed 1000 (only vs BabyThink) 0.999 0.985
Summarized 1000 (only vs BabyThink) 0.995 0.997
Lengthy 1000 (only vs BabyThink) 0.998 0.984
Detailed 3000 (vs Summarized, BabyThink, Lengthy) 0.878 0.772
Summarized 3000 (vs Detailed, BabyThink, Lengthy) 0.857 0.844
BabyThink 3000 (vs Detailed, Summarized, Lengthy) 0.096 0.122
Lengthy 3000 (vs Detailed, Summarized, BabyThink) 0.965 0.892

Table 7: Key Hyperparameters in Fine-tuning Llama-
PLLuM-8B-instruct.

Hyperparameter Value
Epochs 2
Max. sequence length 8,192
Global batch size 128
LR scheduler cosine
Peak LR 4x107°
AdamW (31 0.9
AdamW (2 0.999
AdamW e 1x10°8
Weight decay 0.1

DeepSeek-R1-0528 as the judgment model, fol-
lowing the evaluation methodology introduced in
the Open R1 project. The approach relies on care-
fully designed prompt templates that instruct the
judge model to return only a binary decision in a
constrained JSON format, thereby ensuring consis-
tency and simplifying downstream parsing.

Belebele Evaluation. For multiple-choice com-
prehension tasks in the belebele dataset, the evalu-
ation prompt presents the passage, question, answer
choices (A-D), the correct answer, and the model’s
predicted answer. The LLM judge is instructed to
determine whether the predicted choice matches
the correct one, without considering explanation
quality or reasoning steps.

AYA Collection Evaluation. For open-ended
QA in the aya_collection dataset, the prompt
provides the query, a reference answer, and the
model’s generated answer. The LLM judge is
instructed to assess whether the model’s answer
is appropriate and factually relevant to the query.
The reference answer is treated as an exemplary
response but not as the only valid solution. The
judgment is again returned as a JSON decision.

Reasoning Tasks. For reasoning-intensive
datasets such as MoT-PL, the prompt contains
the query, a reference answer (typically the final
ground-truth answer), and the model’s prediction.
The LLM judge is explicitly instructed to ignore
intermediate reasoning steps and focus solely on
the correctness of the final answer. Equivalent
answers are accepted if they are mathematically or
logically valid transformations of the reference.

All judgments were produced using the rec-
ommended default inference parameters of the
DeepSeek-R1-0528 API, without additional hyper-
parameter tuning. This ensures that the evaluation
setup is faithful to the intended deployment settings
of the model and facilitates reproducibility.

To ensure the reliability of the LL.M-as-a-judge
paradigm, we conducted a manual evaluation on
a subset of the data. Specifically, we randomly
sampled 100 examples from the MoT dataset and
annotated them manually according to the same
guidelines used by the LLM judge. The human
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Table 8: Decoding hyperparameters used during genera-

tion across all models and datasets.

Hyperparameter Value
Temperature 0.6
Top-p 0.95
Top-k 20
Min-p 0.1
Repetition penalty 1.2

annotator was not shown any output from the LLM
judge to avoid bias. We then compared the hu-
man labels with those assigned by DeepSeek-R1-
0528. The agreement rate between the human an-
notator and the LLM judge was 95%, and the Co-
hen’s Kappa score was 0.886, indicating strong
agreement. These results support the suitability of
DeepSeek-R1-0528 as a reliable LLM judge for

evaluating model outputs in this setting.

E Prompts and examples

Summarized Reasoning Prompt

System Prompt: You are an expert in Pol-
ish language. You will receive documents in
Polish language containing high levels of de-
tails. Paraphrase everything that appears af-
ter WHOLEDOCUMENT into a shorter and
more concise version while keeping all im-
portant details and ensuring that it remains
factually correct.

User Prompt: WHOLEDOCUMENT: An-
drzej miat 5 jabtek. Potem Andrzej dostat
2 jabtka od Tomka. To znaczy, ze teraz An-
drzej ma 5 + 2 =7 jabtek.

PARAPHRASE: Andrzej miat 5 jablek.
Dostat 2 od Tomka. Wigc terazma 5 + 2 =
7 jabtek.

WHOLEDOCUMENT: Ograniczenia to do
2000 weziéw i dla kazdego przypadku
testowego. Zatem podejscie brute-force,
sprawdzajace wszystkie mozliwe $ciezki,
jest niemozliwe. Istnieje O(n?) mozliwych
Sciezek, a dla kazdej §ciezki obliczenie
najdtuzszego palindromicznego podciagu
(LPS) naiwnie byloby O(k?), gdzie k jest
dhugoscia Sciezki. To zdecydowanie za
wolne dla n=2000. Wigc potrzebujemy spry-
tniejszego podejscia.

PARAPHRASE: Limit to 2000 weztéw

na przypadek testowy uniemozliwia
brute-force, ktére sprawdza wszystkie
Sciezki (O(n?) Sciezek). Naiwne obliczenie
najdtuzszego  palindromicznego  pod-
ciaggu (LPS) dla kazdej Sciezki miatoby
ztozonos¢ O(k?), co jest zbyt wolne dla
n=2000. Konieczne jest bardziej optymalne
rozwiazanie.

WHOLEDOCUMENT: Pozytony sa anty-
materyjnymi odpowiednikami elektronéw;
maja fadunek dodatni. Jak powstaja w takich
procesach fuzji? Zastanowmy si¢. W fuzji
jadrowej, gdy protony si¢ tacza, sa etapy,
w ktorych proton zamienia si¢ w neutron.
Ale protony sa natadowane dodatnio, wigc
jesli jeden zmienia si¢ w neutron, ktéry jest
neutralny, musi zosta¢ wyemitowana jakas
czastka, aby zréwnowazy¢ tadunek. Aha,
wtasnie — gdy proton przeksztatca si¢ w neu-
tron, emitowane sg pozyton i neutrino. To
jest czes¢ procesu fuzji.

PARAPHRASE: Pozytony, bgdace anty-
materyjnymi odpowiednikami elektronéw,
maja tadunek dodatni. Powstaja w proce-
sach fuzji jadrowej, gdy proton przeksz-
talca si¢ w neutron. Poniewaz proton jest
natadowany dodatnio, a neutron jest neu-
tralny, konieczne jest wyemitowanie czastki
rownowazacej tadunek — w tym przypadku
pozytonu i neutrina. Jest to integralna czgs¢
procesu fuzji.

WHOLEDOCUMENT: {input_text}
PARAPHRASE:

English translation: You are an expert in
Polish language. You will receive docu-
ments in Polish language containing high
levels of details. Paraphrase everything that
appears after WHOLEDOCUMENT into a
shorter and more concise version while keep-
ing all important details and ensuring that it
remains factually correct.
WHOLEDOCUMENT: Andrew had 5 ap-
ples. Then Andrew got 2 apples from
Tomek. This means that Andrew now has 5
+ 2 =7 apples.

PARAPHRASE: Andrew had 5 apples. He
got 2 from Tomek. So now he has 5 +2 =7
apples.

WHOLEDOCUMENT: The constraints are
up to 2,000 nodes for each test case. There-
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fore, a brute-force approach checking all
possible paths is infeasible. There are O(n?)
possible paths, and for each path, calculat-
ing the Longest Palindromic Subsequence
(LPS) naively would be O(k?), where k is
the path length. This is far too slow for
n=2000. Thus, we need a smarter approach.
PARAPHRASE: The limits are 2000 nodes
and for each test case. Therefore, a brute-
force approach, testing all possible paths, is
impossible. There are possible paths, and
for each path, computing the longest palin-
dromic subsequence (LPS) would naively be
, where k is the path length. This is clearly
too slow for n=2000. So we need a smarter
approach.

WHOLEDOCUMENT: Positrons are the an-
timatter counterparts of electrons; they have
a positive charge. How are they created in
such fusion processes? Let’s consider this.
In nuclear fusion, when protons combine,
there are stages where a proton turns into a
neutron. But protons are positively charged,
so if one turns into a neutron, which is neu-
tral, a particle must be emitted to balance
the charge. Oh, right—when a proton turns
into a neutron, a positron and a neutrino are
emitted. This is part of the fusion process.
PARAPHRASE: Positrons, the antimatter
counterparts of electrons, have a positive
charge. They are created in nuclear fusion
processes when a proton transforms into
a neutron. Because a proton is positively
charged and a neutron is neutral, it is neces-
sary to emit a charge-balancing particle—in
this case, a positron and a neutrino. This is
an integral part of the fusion process.
WHOLEDOCUMENT: {input_text}
PARAPHRASE:

Example of Summarized Reasoning

Original reasoning: <think>Dobra,
zobaczmy. Mamy dziewig¢ oséb czekaja-
cych na windg, a ich wagi to 150, 60, 70,
71,72, 100, 101, 102 i 103 kg. Winda moze
przewiez¢ maksymalnie 200 kg na jedna
podréz. Musze okresli¢é minimalng liczbe
przejazdéw potrzebng do przewiezienia
wszystkich...

- Kazda podréz po pierwszej (gdzie jedzie

tylko 150 kg) moze pomiesci¢é maksymalnie
dwie osoby.

**Wynik:** Minimalna liczba przejazdéw
to W\boxed{5}.</think>

English translation: <think>Okay, let’s see.
We have nine people waiting for the elevator,
and their weights are 150, 60, 70, 71, 72,
100, 101, 102, and 103 kg. The elevator can
carry a maximum of 200 kg per trip. I need
to determine the minimum number of trips
needed to transport all...

- Each journey after the first (where only 150
kg travels) can accommodate a maximum of
two people.

**Result:** Minimum number of runs is
\boxed{5]}.</think>

Paraphrased into summarized style:
<think>Mamy 9 oséb o wagach: 150, 60,
70, 71, 72, 100, 101, 102 i 103 kg. Winda
ma limit 200 kg na przejazd. Aby znaleZé
minimalng liczbe przejazdéw:1. **150
kg** — jedzie sam (bo nie mozna dotaczy¢
nikogo,...I jeszcze raz: pig¢. Bo pigc. Raz,
dwa, trzy, cztery, pig¢. Pigé paluszkéw.
I tyle. Koniec. Juz. Naprawdg. Dobra-
noc.</think>

English translation: <think>We have 9 peo-
ple weighing: 150, 60, 70, 71, 72, 100, 101,
102, and 103 kg. The elevator has a limit of
200 kg per trip. To find the minimum num-
ber of trips: 1. **150 kg** — goes alone
(because you can’t add anyone else,... And
again: five. Because five. One, two, three,
four, five. Five fingers. And that’s it. That’s
it. That’s it. Really. Goodnight.</think>

Baby Reasoning Prompt

Prompt: This is part {chunk_index + 1} of
{total_chunks} of a longer reasoning pro-
cess. Oto fragment rozumowania w jezyku
polskim:

1333

{chunk}

11313

Chce, zebys$ przepisal ten fragment rozu-
mowania w stylu dziecigcym — zréb to
dziecinnie i chaotycznie, pomijajac istotne
szczegoty i obliczenia. Niech to brzmi tak,
jakby ttumaczyto je 4-letnie dziecko.
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KRYTYCZNE WYMAGANIA:

- Twoja odpowiedZ musi mie¢ dokladnie
target_length znakow (liczac kazdy znak,
wlacznie ze spacjami i interpunkcja).

- Generuj TYLKO przepisang tres¢ rozu-
mowania, bez dodatkowych wyjasniefi.

- Jesli skonczysz wczesniej, kontynuuj do-
dawanie dziecigcych wypelniaczy az do os-
iagnigcia doktadnie target_length znakéw.

- Zachowaj ogdlny tok myslenia i strukture,
ale uczynij tekst bezuzytecznym i dziecin-
nym.

- Mozesz powtarzac proste frazy i dodawaé
"eee", "no", "moze" itp., aby osiagnaé
wymagana dtugos¢.

Przykiad transformacji:

Oryginal: "Obliczajac sume: 15 + 23 =38,
potem mnozymy przez 2 i otrzymujemy 76"
Styl dziecigcy: "No to byly liczby i eee, do-
dajemy je moze? Jak duza liczba plus inna
liczba réwna si¢ co$, potem robimy wigcej
matematyki i mamy inng liczbg"

Pamigtaj: Twoja odpowiedZ musi mieé
DOKLADNIE target_length znakéw. Licz
uwaznie!

English translation: This is part
{chunk_index + 1} of {total_chunks}
of a longer reasoning process. Here is a
fragment of the reasoning in Polish:

1313

{chunk}

I want you to rewrite this piece of reasoning
in a childish style — make it childish and
chaotic, leaving out important details and
calculations. Make it sound as if a 4-year-
old were explaining it.

CRITICAL REQUIREMENTS:

Your response must be exactly {tar-
get_length} characters long (counting every
character, including spaces and punctuation).
Generate ONLY the prescribed reasoning
content, without additional explanations. If
you finish early, continue adding child fillers
until you reach exactly {target_length} char-
acters. Keep the general flow of thought
and structure, but make the text useless and
childish. You can repeat simple phrases and

add "eee", "no", "maybe", etc. to achieve

the required length. Transformation exam-
ple: Original: "Calculating the sum: 15 +
23 = 38, then multiplying by 2 gives us 76"
Baby style: "Well, those were numbers, and
um, maybe we add them? If a large number
plus another number equals something, then
we do more math and get another number."
Remember: Your answer must be EX-
ACTLY ({target_length} characters long.
Count carefully!

Example of Baby Reasoning

Original reasoning: <think>Dobra,
zobaczmy. Mamy dziewig¢ oséb czekaja-
cych na windg, a ich wagi to 150, 60, 70,
71, 72, 100, 101, 102 i 103 kg. Winda
moze przewieZz¢ maksymalnie 200 kg
na jedna podr6z. Musze okresli¢ mini-
malng liczbe przejazdéw potrzebna do
przewiezienia wszystkich...(nawet najlze-
jsze kombinacje trzech os6b przekraczaja
200 kg). \n\n**Ostateczna odpowiedz** \n
Minimalna liczba potrzebnych podrézy to
\\boxed{5}.</think>

English translation: Okay, let’s see. We
have nine people waiting for the elevator,
and their weights are 150, 60, 70, 71, 72,
100, 101, 102, and 103 kg. The elevator
can carry a maximum of 200 kg per trip. 1
need to determine the minimum number of
trips needed to transport everyone...(even
the lightest combination of three people ex-
ceeds 200 kg). \n\n**Final Answer** \n
The minimum number of trips needed is
\boxed{5).

Paraphrased into baby style: <think>O!

Winda! Ludzie czekaja. Duzo ludzi.
Dziewiec? Tak, dziewigc. Maja
wage. Rozne wagi. Sa cyferki: sto

pigcdziesiat, szesédziesiat, siedemdziesiat,
siedemdziesiat jeden, siedemdziesiat dwa,
sto, sto jeden, sto dwa, sto trzy. Winda moze
tylko dwiescie kilo. Nie wigcej!...I jeszcze
raz: pie¢. Bo pig€. Raz, dwa, trzy, cztery,
pie¢. Pie¢ paluszkéw. I tyle. Koniec. Juz.
Naprawdg¢. Dobranoc.</think>

English translation: <think>Oh! The ele-
vator! People are waiting. Lots of people.
Nine? Yes, nine. They have weights. Dif-
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ferent weights. There are numbers: one
hundred fifty, sixty, seventy, seventy-one,
seventy-two, one hundred, one hundred one,
one hundred two, one hundred three. The el-
evator can only weigh two hundred kilos. No
more!...And again: five. Because five. One,
two, three, four, five. Five fingers. That’s it.
That’s it. Really. Goodnight. </think>

Lengthy Reasoning Prompt

Prompt: This is part {chunk_index + 1} of
{total_chunks} of a longer reasoning process.
Mam ten fragment rozumowania po polsku:

1313

{chunk}

Chcg, zebys$ przepisatl ten fragment rozu-
mowania w sposob bardziej rozbudowany
— musi by¢ okoto 2x dluzszy niz oryginal,
ale nadal pozosta¢ w stylu logicznego rozu-
mowania.

KRYTYCZNE WYMAGANIA:

* Twoja odpowiedZ musi mie¢ co najmniej
{target_length} znakéw (liczac kazdy znak,
spacje i interpunkcje)

* Generuj TYLKO przepisane rozumowanie
(bez finalnej odpowiedzi po "</think>")

* Jesli skonczysz wczesniej, kontynuuj
dodawanie dodatkowych analiz, alternaty-
wnych Sciezek myslenia, dygresji, a nawet
zabawnych ,,gtosSno myS§lanych” detali, az
osiagniesz wymagang dtugosé

* Zachowaj ogdlny tok i strukturg orygi-
nalnego rozumowania, ale rozwif go, pow-
tarzaj pewne mysli i dodawaj dodatkowe
spekulacje

* Tekst ma brzmie¢ jak proces rozumowania,
nie jak gotowe rozwiazanie

* Wynik bedzie biedny, jesli bedzie krétszy
niz {target_length} znakéw

Przykiad transformacji:

Oryginal: "Musz¢ sprawdzi¢ dwie opcje i
wybraé lepsza"

Rozszerzone:  "Najpierw zastanawiam
si¢ nad pierwsza opcja, probuj¢ sobie
wyobrazié jej skutki, a potem rozwazam
druga opcje, ktéra moze by¢ troche lepsza
albo trochg gorsza. Poréwnujg je w glowie,
mysle co by bylo gdyby wybrac tg pierwsza,

a co jesli druga, analizuj¢ krok po kroku,
zeby na koncu tatwiej byto mi zdecydowac."
Pamigtaj: Twoja odpowiedZ musi miec
co najmniej {target_length} znakéw. Nie
koficz za wcze$nie.

English translation: This is part
{chunk_index + 1} of {total_chunks}
of a longer reasoning process. I have this
fragment of reasoning in Polish:

1313

{chunk}

I want you to rewrite this piece of reasoning
in a more elaborate way — it needs to be
about 2x longer than the original, but still
stay in the style of logical reasoning.
CRITICAL REQUIREMENTS:

Your answer must be at least {target_length}
characters long (counting every character,
spaces, and punctuation). Generate ONLY
the transcribed reasoning (no final answer
after "[object Object]"). If you finish early,
continue adding additional analysis, alter-
native thought paths, digressions, and even
fun "think-aloud" details until you reach the
required length. Maintain the general flow
and structure of the original reasoning, but
expand on it, repeat certain thoughts, and
add additional speculation. The text should
read like a process of reasoning, not a fin-
ished solution. The result will be incorrect if
it is shorter than {target_length} characters.
Transformation example: Original: "I need
to check two options and choose the bet-
ter one" Lengthened: "First, I consider the
first option, try to imagine its consequences,
and then consider the second option, which
might be slightly better or slightly worse. I
compare them in my head, thinking about
what would happen if I chose the first option
and what if I chose the second option, an-
alyzing them step by step to make it easier
for me to decide in the end."

Remember: Your response must be at least
{target_length} characters long. Don’t end
too soon.
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Example of Lengthy Reasoning

Original reasoning: <think>Dobra,
zobaczmy. Mamy dziewig¢ oséb czekaja-
cych na windg, a ich wagi to 150, 60, 70,
71, 72, 100, 101, 102 i 103 kg. Winda
moze przewieZz¢ maksymalnie 200 kg
na jedng podr6z. Musz¢ okresli¢ mini-
malna liczbe przejazdéw potrzebna do
przewiezienia wszystkich...(nawet najlze-
jsze kombinacje trzech os6b przekraczaja
200 kg). \n\n**Ostateczna odpowiedZ** \n
Minimalna liczba potrzebnych podrézy to
\\boxed{5}.</think>

English translation: <think>Okay, let’s see.
We have nine people waiting for the eleva-
tor, and their weights are 150, 60, 70, 71,
72, 100, 101, 102, and 103 kg. The elevator
can carry a maximum of 200 kg per trip. 1
need to determine the minimum number of
trips needed to transport everyone...(even
the lightest combinations of three people
exceed 200 kg). \n\n**Final Answer** \n
The minimum number of trips needed is
\boxed{5}.</think>

Paraphrased into Lengthy style:
<think>Dobra, no to zabieram sie za
ten problem z winda. Mamy dziewigé os6b
czekajacych, kazda ma swoja wage, a ja
musz¢ znaleZ¢, jak najmniej razy winda
musi jeZdzi¢, zeby wszystkich przewieZ¢é.
No to po kolei. Wagi to: 150, 60, 70,
71, 72, 100, 101, 102 i 103 kilogramy.
Uff, catkiem sporo tych liczb, prawda?
Najpierw wypisze je sobie jeszcze raz, zeby
wszystko bylo jasne i zebym mial pelen
obraz sytuacji przed oczami. Tak, wigc w
kolejnosci, chyba od najcigzszej, chociaz
moze jeszcze nie sortujg, po prostu lista:
150 kg — ojej, catkiem sporo; potem 60
kg — to juz lzejsza osoba; 70 kg; 71 kg;
72 kg — ciekawe, te trzy sa bardzo blisko
siebie, 71 i1 72 to praktycznie tyle samo; no
idalej 100 kg, 101 kg, 102 kg, 103 kg...ze
minimalna liczba przejazdéw to pigé. To
ciekawe, jak te wagi sa tak dobrane, ze
uniemozliwiaja lepsze spakowanie, ale tez
daja jasna odpowiedz. No dobrze, wigc po
tym wszystkim jestem pewien.</think>
English translation: <think>Okay, so I'm
tackling this elevator problem. We have nine

Table 9: Welch’s t-test comparing reasoning token
counts between correct and incorrect outputs for each
model. Negative ¢ indicates fewer tokens in correct
cases.

Model t-statistic p-value
Summarized -14.37 3.29 x 1042
BabyThink -6.63 5.97 x 1071
Detailed 9.14 5.09 x 10719
Lengthy -6.76  2.99 x 1071

people waiting, each with their own weight,
and I need to figure out how few times the
elevator needs to go to get everyone up. So,
in order. The weights are: 150, 60, 70, 71,
72, 100, 101, 102, and 103 kilograms. Phew,
that’s a lot of numbers, right? First, I’ll
write them down again to make everything
clear and give me the full picture. So, in
order, probably starting with the heaviest,
although I might not be sorting yet, just a
list: 150 kg — wow, quite a lot; then 60 kg
— that’s a lighter person; 70 kg; 71 kg; 72
kg — interesting, those three are very close
together; 71 and 72 are practically the same;
And then 100 kg, 101 kg, 102 kg, 103 kg...
the minimum number of trips is five. It’s
interesting how these weights are chosen so
that they prevent better packing, but also
provide a clear answer. Okay, so after all
this, I'm sure.</think>

E.1 Additional Plots

This appendix contains supplementary plots refer-
enced in the main text. Figure 2 shows the distri-
bution of reasoning lengths as measured by token
count. In general, longer reasoning actually leads
to more incorrect answers across all models. Ta-
ble 9 shows the results from the Welch’s -test on
each model. The differences in reasoning length be-
tween correct and incorrect answers are statistically
significant.

F Case Study

To examine how effectively the models learned to
produce outputs in the format <think>reasoning
content</think>final answer, we conducted a qual-
itative test illustrated in Figure 3. Each of the
four fine-tuned models was given the same Pol-
ish question: Kaczki Janet znoszq 16 jaj dziennie.
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Tokens by model & correctness
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Figure 2: Distribution of reasoning lengths by model
and correctness on MoT-PL-eval dataset.

Kazdego ranka zjada trzy na sniadanie, a 7 czterech
piecze babeczki dla przyjaciot. Pozostalq czes¢
sprzedaje codziennie na targu w cenie 2 USD za
Swieze kacze jajo. lle dolarow zarabia kazdego
dnia na targu?<think> (English: Janet’s ducks lay
16 eggs per day... How much does she earn daily at
the farmers’ market?<think>).

The special token <think> was used to explicitly
prompt the model to generate reasoning rather than
outputting a direct answer, as this task is simpler
than those in MoT-PL. Inference was performed
using the generation parameters listed in Table 8.
All the models gave the correct answer, which is in
this case 18.

Figure 3 shows the probability of emitting the
</think> (end-of-thinking) token at each generation
step. Orange dots indicate low, nonzero probabili-
ties (below 0.01), which we interpret as signs of un-
certainty in deciding when to terminate reasoning.
The model fine-tuned on the Detailed dataset ex-
hibits almost no such uncertainty, suggesting strong
confidence about when to end its reasoning. The
Summarized-Reasoning model behaves similarly
but produces shorter reasoning traces and occasion-
ally assigns nonzero probability to the </think>
token after the </think> was already chosen—an
artifact not present in the training data. By contrast,
the BabyThink and Lengthy variants display more
frequent uncertainty spikes, including anomalous
assigns probabilities to the </think> token after the

end-of-thinking token was already chosen.
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(d) Lengthy Reasoning Model

Probability of generating the end-think token over generation steps of every model in the experiment.
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