
Findings of the Association for Computational Linguistics: ACL 2026, pages 38082–38100
July 2-7, 2026 ©2026 Association for Computational Linguistics

Why Can Distillation Work with Limited Resources? A Systematic Study

Xiao Hu1, Xingyu Lu1, Liyuan Mao2, YiFan Zhang3,
Tianke Zhang4, Bin Wen4, Fan Yang4, Tingting Gao 4, Guorui Zhou4,

1Tsinghua University, 2Shanghai Jiao Tong University, 3CASIA, 4KuaiShou,
Correspondence: hu-x21@mails.tsinghua.edu.cn

Abstract
Recently, large language models have made re-
markable progress in reasoning, largely driven
by scaling data and model size. In parallel,
several studies argue that for smaller models,
high-quality distillation can yield strong rea-
soning performance with minimal resources.
However, a framework for understanding ma-
chine reasoning that explains why low-resource
distillation can boost model performance is
still missing. In this paper, we conduct a con-
trolled case study: using less than 920 exam-
ples, a simple distillation based on the base
model can actually achieve notable reasoning
performance improvement, compared with the
base model and even the zero-RL models. By
analyzing the token frequency in model out-
puts, we find that the distilled model shows
more flexible reasoning. It uses anthropomor-
phic tokens and logical connectors much more
often than the base and zero-RL model. Fur-
ther analysis reveals that distillation enhances
the presence of two advanced cognitive behav-
iors: Multi-Perspective Thinking or Attempt-
ing and Metacognitive Awareness. Frequent
occurrences of these two advanced cognitive
behaviors give rise to flexible reasoning, which
is essential for solving reasoning problems.

1 Introduction

Recently, large language models have made re-
markable progress in reasoning, delivering impres-
sive results in complex mathematical and coding
tasks (Jaech et al., 2024; Guo et al., 2025; Team
et al., 2025; Qwen Team, 2025; Comanici et al.,
2025). Much of this progress is driven by scal-
ing in pretraining, supervised fine-tuning (SFT)
and reinforcement learning (RL), where more data,
compute, and larger models are used to achieve
better reasoning ability.

In parallel, several studies explore more sample-
efficient and compute-efficient approaches to
achieve comparably significant reasoning perfor-
mance gains (Jolicoeur-Martineau, 2025; Xiao

et al., 2025; Wang et al., 2025). In particular,
Muennighoff et al. (2025); Ye et al. (2025) find
that on smaller (fewer than 32B parameters) model,
carefully selecting high-quality prompts and re-
sponses for distillation can also yield great im-
provements on complex reasoning tasks, even with
only a small amount of data and compute resources.

However, despite these findings, a framework for
understanding machine reasoning remains miss-
ing. In particular, when distillation with a small
set of high-quality examples is used as a resource-
efficient route to better reasoning ability on smaller
student model, we still lack an in-depth understand-
ing of what distillation fundamentally contributes
to the student model, and which aspects of reason-
ing behavior it actually transfers or reshapes.

In this paper, we systematically analyze what
changes distillation induces in the base model. We
conduct a controlled study starting from a smaller
base model (32B), distill it with less than 920 ex-
amples. Specifically, we first show that distilla-
tion with less than 920 examples (even using only
100 samples) generated by DeepSeek R1 (Guo
et al., 2025) leads to notable improvements over the
Qwen2.5-32B (Yang et al., 2024a) base model. The
gains are especially clear on reasoning-intensive
benchmarks such as AIME, HMMT, and GPQA,
and they remain strong even compared to RL-
trained models built on the same base model (i.e.,
the zero-RL model). Secondly, by comparing the
outputs of the distilled model, base model and zero-
RL models, we find that the distilled model shows
more flexible reasoning and makes frequent use
of anthropomorphic tokens and logical connectors
which are rarely seen in base model and zero-RL
model outputs. These distinctive tokens typically
indicate shifts in thinking or reflection on earlier
reasoning steps. Surprisingly, when we prevent
the distilled model from generating these distinc-
tive tokens during decoding, its performance drops,
but remains comparable. This suggests that the
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distilled model has likely learned more than just
surface-level token patterns. Digging deeper, we
find that distillation increases the presence of two
advanced cognitive behaviors: Multi-Perspective
Thinking or Attempting and Metacognitive Aware-
ness. Frequent occurrences of these two cognitive
behaviors give rise to flexible reasoning, which is
essential for solving complex reasoning problems,
where the solution path is often unclear from the
start.

2 Case Study: Distillation using less than
920 samples

We choose Qwen2.5-32B (Yang et al., 2024a) as
the base model and evaluate the effect of distilla-
tion using a small set of outputs from a reasoning
teacher model, DeepSeek R1 (Guo et al., 2025).
For better comparison, we adopt off-the-shelf open-
source zero-RL models (also trained on Qwen2.5-
32B base) and the original base model as our base-
lines. We also present distillation experiments us-
ing other teacher models in Appendix B.2, and the
results lead to similar conclusions.

Distilled models. Recent work such as s1 (Muen-
nighoff et al., 2025) and LIMO (Ye et al., 2025)
also emphasizes that using a small amount of
carefully selected, high-quality distillation data
can lead to performance improvements. How-
ever, these studies are based on Qwen2.5-Instruct,
which has typically already undergone RL. To bet-
ter understand what distillation actually brings to
the base model and to establish a more controlled
analysis, we perform distillation on Qwen2.5-32B
base model using historical AIME problems, with-
out any deliberate filtering or selection, so as to
maintain a simple and controlled distillation setup.
Specifically, we construct the dataset by collecting
all 920 AIME problems from 1983 to 2023 and
generating one reasoning response for each using
DeepSeek R1. This yields a distillation dataset
in which each problem is paired with a DeepSeek
R1-generated solution. DeepSeek R1 achieves an
overall accuracy of 85.4% on this dataset. We do
not filter for correctness; instead, we retain all sam-
ples regardless of whether the answers are correct
or not. We then perform SFT on Qwen2.5-32B
base using this dataset for 5 epochs to obtain the
distilled model. We use the prompt template from
Qwen2.5-Math (Yang et al., 2024b) for training.
Besides distilling on all 920 samples, we also ran-
domly select 100, 250, 500, and 750 samples from

the 920 samples and evaluate distillation perfor-
mance at different data sizes (as shown in Figure 1).
For more details about the training setup and com-
putational resource usage, see Appendix A.1, A.2,
A.3. All the 920 samples are provided in the sup-
plementary material (Data).

Zero-RL models. Since prior work has already
conducted extensive experiments on zero-RL with
Qwen2.5-32B base, we directly consider three
open-source models that achieve advanced per-
formance: DAPO-32B (Yu et al., 2025), Open-
Reasoner-Zero-32B (i.e. ORZ-32B) (Hu et al.,
2025) and SimpleRL Zoo 32B (i.e. SimpleRL-
32B) (Zeng et al., 2025). These models are typi-
cally trained on tens of thousands of carefully se-
lected prompt samples and optimized over thou-
sands of training steps.

Evaluation settings. We mainly evaluate the per-
formance on five challenging reasoning bench-
marks: AIME2024, AIME2025, HMMT Feb
2025 dataset on MathArena (Balunović et al.,
2025), GQPA Diamond (Rein et al., 2024), and
MATH500 (Hendrycks et al., 2021). To ensure ac-
curate and fair evaluation, we carefully consider
parameters that could influence the results to guar-
antee reproducibility (Hochlehnert et al., 2025).
We set the evaluation temperature to 1, top-p to
0.95, and the maximum generation length to 32,768.
For our distilled models, we use the same prompt
template as in training. For open-source zero-RL
models, we use the prompt templates specified in
their original papers. For the Qwen2.5 base model,
we use no prompt template, as we find this setting
clearly outperforms alternative prompts. All mod-
els are evaluated using the official evaluation code
from Qwen2.5-Math (Yang et al., 2024b) to ensure
consistency and fairness. Considering the poten-
tial impact of prompt templates (Yang et al., 2025)
and sampling parameters such as temperature, we
report additional results under alternative settings
in the Appendix B.2. On main experiments, for
AIME and HMMT, we report Avg@32 (i.e., the
average Pass@1 results over 32 independent runs),
as well as Pass@8(40) 1. For GQPA Diamond and
MATH500, we report Avg@8 (i.e., the average
Pass@1 results over 8 independent runs).

1To achieve more unbiased estimation, we report Pass@8
using unbiased estimator in (Chen et al., 2021) (i.e.,
Pass@k = 1 −

(
n−c
k

)
/
(
n
k

)
), computed over 40 model

responses per problem per model. We denote this as
Pass@8(40).
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Table 1: Performance of different models across benchmarks. Avg@32 denotes the average Pass@1
score over 32 independent runs. AIME and HMMT is evaluated using both Avg@32 and Pass@8,
while GPQA Diamond and MATH500 are evaluated using Avg@8.

Metric Distilled
-32B

Zero-RL
(DAPO-32B)

Zero-RL
(ORZ-32B)

Zero-RL
(SimpleRL-32B)

Qwen2.5
-32B-base

# of training samples 920 17,000 57,000 8,000 -
AIME2024 (Avg@32) 61.2 50.6 41.9 27.3 16.8
AIME2024 (Pass@8(40)) 82.7 71.3 65.9 48.7 46.9
AIME2025 (Avg@32) 50.0 32.9 33.3 10.2 8.3
AIME2025 (Pass@8(40)) 74.7 51.7 53.4 28.1 27.9
HMMT Feb 2025 (Avg@32) 34.6 13.8 20.9 5.4 1.9
HMMT Feb 2025 (Pass@8(40)) 65.0 28.3 38.3 9.3 10.0
GPQA Diamond (Avg@8) 60.0 48.7 57.7 48.4 34.9
MATH500 (Avg@8) 93.8 68.0* 90.7 89.2 70.1

Avg. Length (AIME2024) 13975 7916 10174 1182 1148
Avg. Length (AIME2025) 15034 6610 9522 1298 1088
Avg. Length (HMMT Feb 2025) 16609 11978 10940 1190 969
Avg. Length (GQPA) 10237 5073 7808 823 565
Avg. Length (MATH500) 4239 5250 4230 662 603
* Relatively low score on this benchmark may be due to DAPO’s requirement for integer-only answers during

RL training. See the Discussion Appendix D and Appendix B.2 for more details.

Figure 1: The distillation performance using 100, 250, 500, 750 and 920 samples, compared with base model and
zero-RL model.

Evaluation results. As shown in Table 1, the dis-
tilled model which trained on these 920 examples
achieves notably better performance than zero-RL
model and the base model. Although the number
of training samples between distillation and zero-
RL is not directly comparable, since distillation
data includes teacher model outputs, the effective-
ness of this simple distillation setup is still striking.

This is especially true given the large gap in data
scale, training steps, and compute cost (see Ap-
pendix A.3 for detailed comparisons). Beyond the
challenging mathematical benchmarks discussed
above, we also find that the distilled 32B model
performs strongly in benchmarks for other domains
(see Appendix B.2).

Even more surprisingly, Figure 1 shows that
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even 100 samples for distillation are sufficient to
achieve a clear performance improvement! In
AIME 2025, even distillation using only 100 sam-
ples can outperform all the zero-RL models and
base models. In general, distillation with such a
small number of samples would not be expected
to introduce new knowledge. This raises a key and
interesting question: what does such low-resource
distillation actually bring to the base model for rea-
soning? In the next section, we will progressively
investigate this question.

3 Flexible Reasoning Pathways

3.1 Linguistic Patterns of Distilled Model

Taking the problems from AIME2024 as the exam-
ples, we firstly investigate the outputs of distilled
models in terms of linguistic patterns and use other
models for comparison. For clarity, in this section
we focus on the distilled model introduced in Sec-
tion 2 and the DAPO-32B zero-RL model. Similar
patterns are observed in other zero-RL models and
the base models, with full statistics reported in the
Appendix C.1.

From an overall perspective, we can observe
two distinct styles in the models’ solutions, as il-
lustrated in Table 2. The zero-RL model tends
to produce more formal and structured responses,
typically following a "step-by-step" approach to
solving the problems. The model appears to be
fairly confident about the solution path from the
beginning and proceeds step by step along a pre-
determined framework, with occasional verifica-
tion of earlier steps. In contrast, the distilled
model’s outputs resemble the thought process of a
human solver, frequently involving trial and error,
revisiting earlier steps, and expressing uncertainty
throughout the reasoning process. These behav-
iors are often reflected through expressions of hes-
itation or uncertainty, such as "wait," "perhaps,"
and "maybe"; phrases indicating a shift in strategy,
like "try another idea" and "alternatively"; and ac-
knowledgments of mistakes, such as "it’s wrong
here." Through this iterative exploration, the model
gradually converges on the correct answer. This
phenomenon is similar to the difference observed
between "aha" and non-"aha" model outputs in re-
cent work (Yang et al., 2025).

To systematically analyze the differences be-
tween the two models’ outputs, we perform a to-
ken frequency analysis. We modify the token cat-
egorization approach introduced by (Yang et al.,

2025), defining three token types: anthropomor-
phic tokens, logical connectors, and mathematical
reasoning tokens: (1) Anthropomorphic tokens in-
clude words like "okay" "me" "wait" and "hmm" as
well as uncertain terms like "perhaps" and "maybe"
and conversational phrases such as "hold on". In
the context of the problem-solving process, these
tokens typically indicate hesitation or uncertainty
during reasoning. (2) Logical connectors refer to
words such as "but" "however" and "alternatively"
which signal contrast, progression, or coordination
in problem-solving process. (3) Mathematical rea-
soning tokens include terms like "define" "denote"
"imply" and "simplify" which commonly appear
in written mathematical solutions. The detailed
token categorization and the rationale behind it are
provided in Appendix C.2.

We specifically analyze the token frequencies
of the three categories across the full responses
of each model. As shown in Figure 2, the dis-
tilled model uses anthropomorphic language and
logical connectors much more often than the zero-
RL model. All the anthropomorphic words like
"wait” and "maybe" appear often in the distilled
model’s responses but are almost never seen in
those from the zero-RL model. The distilled model
also makes greater use of logical connectors, es-
pecially words like "but," "therefore," and "alter-
natively." The word "alternatively," which often
signals a shift in approach or line of thinking, is
nearly absent from the zero-RL outputs. This may
suggest that the distilled model tends to explore al-
ternative ideas more actively and shift its reasoning
direction more frequently. Figure 2 also shows that
both models use a similar amount of mathematical
reasoning tokens, while the total count is slightly
higher in the outputs of the zero-RL model.

We also performed a token frequency analysis
on the base model, Qwen2.5-32B-base, using its re-
sponses to the AIME2024 problems. As shown in
Figure 3, the base model shows a response pattern
very similar to that of the zero-RL models built on
top of it. It mainly follows a step-by-step approach,
with very few anthropomorphic tokens and limited
use of logical connectors. Zero-RL models show
some differences from the base model in their use
of certain mathematical reasoning tokens, suggest-
ing that RL may adjust the probabilities of these
tokens based on the base model’s behavior. How-
ever, for tokens that rarely appear in the base model,
such as anthropomorphic expressions or those that
reflect shifts in reasoning (e.g., alternatively), RL
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Table 2: The contrasting solution styles of the two models on an example from AIME 2024.

Question: Define f(x) =
∣∣ |x| − 1

2

∣∣ and g(x) =
∣∣ |x| − 1

4

∣∣. Find the number of intersections of the graphs of y = 4g(f(sin(2πx))) and x =
4g(f(cos(3πy))).

Zero-RL model (DAPO-32B) response:
To approach this math problem step by step...
...
Let’s break down the problem step-by-step.
Step 1: Analyze the function f(x) =

∣∣|x| − 1
2

∣∣.
Step 2: Analyze the function g(x) =

∣∣|x| − 1
4

∣∣.
Now, we need to compute g(f(u)) for some input u. First, let’s find f(u)
and then plug it into g:
1. Compute f(u) =

∣∣|u| − 1
2

∣∣.
Then we plug this result into g:

g(f(u)) = g

(∣∣∣∣|u| −
1

2

∣∣∣∣
)

=

∣∣∣∣
∣∣∣∣|u| −

1

2

∣∣∣∣ −
1

4

∣∣∣∣
...
[Answer].

Distilled model response:
Okay, so I need to find... Hmm, that sounds a bit complicated ...
...
Wait, if x is between − 1

2 and 1
2 , then f(x) = 1

2 − |x|. If |x| ≥ 1
2 , then ...

...
Wait, perhaps another way: For each period of sin(2πx) ...
...
Wait, hold on ... maybe my approach is wrong here. Wait, perhaps an easier
way...
...
Alternatively, since both functions are composed of periodic...
...
But I need a better strategy ... here’s an idea... but I’m not confident...
...
[Answer].

Figure 2: Comparison of token usage between the Distilled and zero-RL models responses to AIME2024 problems
across anthropomorphic tokens, logical connectors, and mathematical reasoning tokens. The mathematical reasoning
tokens are rescaled by a factor of 4 for better visibility.

Table 3: Performance drop of the distilled model when prevented from generating distinctive tokens. Distilled-32B
(Token-Restricted) refers to the distilled model with generation of these tokens disabled during decoding.

Metric Distilled-32B Distilled-32B (Token-Restricted) ∆

AIME2024 (Avg@32) 61.2 50.3 -10.9
AIME2025 (Avg@32) 52.9 38.0 -14.9
HMMT Feb 2025 (Avg@32) 34.6 26.4 -8.2
GPQA Diamond (Avg@8) 60.0 56.0 -4.0
MATH500 (Avg@8) 93.8 91.7 -2.1

doesn’t seem to significantly increase their usage.
Figure 4 shows the token frequency in the re-

sponses of the teacher model, DeepSeek R1. The
distribution shows a clear resemblance to that of
the distilled model, particularly in the use of an-
thropomorphic tokens and logical connectors. This
suggests that, the distilled model may have learned
to imitate its teacher at the token level.

What if the distilled model is prevented from
generating these distinctive tokens? Since
these anthropomorphic tokens and logical connec-
tors are linguistic features learned by the distilled

model from the teacher model and are largely ab-
sent in the zero-RL and base models, we would like
to know what happens to the distilled model’s per-
formance if it is prevented from generating these
distinctive tokens2 during decoding.

We select the tokens with the largest frequency
differences between the distilled model and the
zero-RL model as shown in Figure 2, including
words such as "wait," "me," "perhaps," "maybe,"

2For simplicity, distinctive tokens refer to the anthropo-
morphic tokens and logical connectors mentioned in subsec-
tion 3.1 which differ between the distilled model and the
zero-RL model outputs
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Figure 3: Token usage in Qwen2.5-32B-base’s responses to AIME2024 problems across anthropomorphic tokens,
logical connectors, and mathematical reasoning tokens.

Figure 4: Token usage in DeepSeek R1’s responses to AIME2024 problems across anthropomorphic tokens, logical
connectors, and mathematical reasoning tokens.

"alternatively," and "but," and prevent the dis-
tilled model from generating them during decoding.
The full list of banned tokens is provided in Ap-
pendix C.3. Table 3 shows the performance drop
for the distilled model when these distinctive to-
kens are banned, across all benchmarks. However,
surprisingly, it still notably outperforms the base
model and remains comparable to zero-RL model!
This implies that the distilled model may not just
simply imitate a few key tokens from the teacher.
Instead, it may have learned some deeper reason-
ing behaviors from the teacher model.

In the next subsection, we take a closer look at
why the distilled model can still achieve strong
reasoning performance even after we ban the dis-
tinctive tokens it learns to imitate from the teacher
model.

3.2 Analyzing Advanced Cognitive Behaviors

Existing study (Gandhi et al., 2025) mentions that
four types of cognitive behaviors, namely back-
tracking, verification, subgoal setting, and back-
ward chaining, are highly beneficial for solving
reasoning problems. This is also considered one of
the reasons why the Qwen series of models often
achieve strong performance. Both the Qwen2.5-
32B base model and its zero-RL variants in our
experiments can exhibit these cognitive behaviors.

However, when it comes to solving challenging
reasoning problems or tasks that require creative
thinking, such as competition problems in AIME,
it is often difficult to fully plan out a solution path
from the beginning. Rigidly following a "step-by-
step" approach, can easily lead to overconfidence
in suboptimal directions. Techniques like subgoal
setting and backward chaining are valuable, but
what matters more is using them flexibly within a
process of exploring and testing multiple ideas.

Let us consider how humans approach difficult
or unfamiliar problems. A skilled solver may
begin by applying familiar strategies, but when
stuck, they quickly shift perspective and explore
alternative angles, continuously trying new ideas.
Throughout the process, mistakes are common,
and there is often considerable uncertainty about
whether the current approach is on the right track.
Hence, they frequently check for errors and re-
flect on their reasoning. In general, the path to the
correct solution involves a repeated cycle: trying
an idea, checking for mistakes, identifying errors,
learning from them, and then attempting the next
idea. Building on this intuition, we introduce two
advanced cognitive behaviors that we believe are
especially important for solving such difficult rea-
soning tasks:

• Multi-Perspective Thinking or Attempting:
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Figure 5: Comparison of the number of advanced cognitive behaviors per response across benchmarks. Additional
result are provided in Appendix C.4.

Table 4: The comparison of distilled model and token-restricted distilled model on an example from AIME 2024.
Token-restricted distilled model refers to the distilled model with generation of these distinctive tokens disabled
during decoding.

Question: Let N be the greatest four-digit positive integer with the property that whenever one of its digits is changed to 1, the resulting number is divisible by 7.
Let Q and R be the quotient and remainder, respectively, when N is divided by 1000. Find Q + R.

Distilled model response:
Okay, so I need to find...
...
(6A+ 2B + 10+D) ≡ 0 mod 7 (Wait, hold on. 10 mod 7 is 3, so 10 ≡ 3
mod 7. Wait, but 10 is 3 mod 7, right? Let me verify...
...
Wait, but we need to check if all four original congruences hold.
...
Check equation (d): 6A+2B+3C = 6∗5+2∗6+3∗2 = 30+12+6 =
48. 48 mod 7=6. Equation (d) requires 6. Correct.
Wow! So all equations are satisfied with A=5, B=6, C=2, D=4. Therefore,
N=5624.
But wait, this is for A = 5. But N = 5624. However, maybe higher A
values also work? Wait, we checked A = 9, 8, 7, 6, 5. For A = 6, equation
(a) didn’t hold; A = 5 works.
...
Alternatively, if there are other solutions where digits are higher despite differ-
ent residues?
...
Thus, N=5694. There’s no higher digits possible. Hence, this is the maximum.
...
[Answer].

Token-restricted distilled model response:
Alright, so I need to find...
...
First, let’s parse the problem. N is a four-digit number...
...
Our goal is to find the largest such N . Since we want the largest four-digit
number, we should start checking from 9999 downwards, 但这个方法可能很
耗时。可能有更好的方法。
...
Now, check if these numbers satisfy all four original equations...
...
Since we need the greatest such number, between 5694 and 5624, it’s 5694.
但是，这里有个问题，题目说N是最大的四位数。但是5694和5624都
是5开头，可能还有更大的数。例如，6开头或者7开头的数。但我们刚
才得到a=5。怎么回事？
...
但等一下，我们可能漏掉了某些情况。因为当计算d的时候...
...
但是，我们需要确保没有更大的N，比如说6000多的数。为什么我们的
解得出a=5？这是因为我们在解同余方程时...
...
[Answer].

Viewing a problem from diverse perspectives
to gain fresh insights, or exploring differ-
ent ideas and alternative approaches to make
meaningful progress.

• Metacognitive Awareness (Schraw and Denni-
son, 1994): Actively reflecting on your reason-
ing process during problem-solving to assess
progress, evaluate current strategies, and iden-
tify potential errors in real time. Behaviors
such as reflective hesitation, backtracking, and

verification are all integral components of this
awareness.

Frequent occurrences of these two advanced cog-
nitive behaviors give rise to flexible reasoning.
Both of the advanced cognitive behaviors are re-
flected through certain key phrases, which can
be interpreted in context. For example, expres-
sions like "let’s try another angle..." or "but I
need a better strategy ... here’s an idea, let’s
try... <solving process>..." often indicate Multi-
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Perspective Thinking or Attempting; and expres-
sions such as "wait, maybe my approach is wrong
here" or "it seems not correct, step back" typically
indicate Metacognitive Awareness. We use GPT-
4o (Hurst et al., 2024) to identify the number of oc-
currences of advanced cognitive behaviors in model
responses. Specifically, for each model’s response
to each problem, we prompt GPT-4o to identify
which parts of the response reflect either of the two
advanced cognitive behaviors, and count how many
times each behavior appears per response (as they
often occur more than once). The detailed prompt
template and additional statistics are provided in
Appendix C.4.

Figure 5 shows the average number of ad-
vanced cognitive behaviors exhibited by the dis-
tilled model, zero-RL models, and the base model
across the four benchmarks. The distilled model
clearly demonstrates more frequent use of both be-
haviors compared to the others. Across models, we
observe a strong correlation between the number of
cognitive behaviors and benchmark performance
(Table 1): the distilled model shows the highest
behavior counts and benchmark scores, while the
base model and SimpleRL-32B show both lower
behavior counts and lower benchmark scores. Com-
pared to distilled model, the zero-RL fails to sig-
nificantly boost the frequency of the two behaviors
over the base model, even though some zero-RL
models have already trained extensively with large
computational resources over multiple epochs or
thousands of steps.

As discussed in Section 3.1, certain tokens (i.e.
anthropomorphic tokens and some logical connec-
tors) show clear frequency differences between the
distilled model and the zero-RL model. When pre-
venting from generating these tokens, the perfor-
mance of distilled model drops but still remains
comparable to that of the zero-RL model. The un-
derlying reason is that, even when restricted from
using these distinctive tokens, the distilled model
still actively seeks to express the two advanced cog-
nitive behaviors through other means. We present a
quite interesting example in Table 4. When the dis-
tilled model is prevented from generating banned
tokens such as "wait" or "alternatively," it works
around the restriction by switching to Chinese to
express similar thinking shifts and error recogni-
tion, which still reflects the two advanced cognitive
behaviors.

4 Related Work

Distillation from reasoning model. Several
methods tried to elicit LLM’s reasoning capability
through model distillation (Ye et al., 2025; Muen-
nighoff et al., 2025; Labs, 2025; Xu et al., 2025).
Specifically, these methods first pre-collect full
responses on complex reasoning problems from
strong existing reasoning models (e.g., DeepSeek-
R1, QwQ-32B). Subsequently, they conduct su-
pervised fine-tuning (SFT) with these responses.
Previous methods in this line often use carefully
curated questions and responses (Ye et al., 2025;
Muennighoff et al., 2025) or focus on distilling the
self-evaluation capability (Liu et al., 2024). By con-
trast, in this paper, we focus on providing a system-
atic analysis of linguistic characteristics of distilled
models. One of the contribution of this work is the
systematic revelation that Multi-Perspective Think-
ing or Attempting and Metacognitive Awareness
are two highly useful patterns that LLM reasoning
should possess. These two patterns are concretely
reflected in the frequent use of anthropomorphic to-
kens and logical connectives, and can be transferred
to smaller base models through a small amount of
distillation from.

Zero-RL. RL has been shown to improve LLM’s
reasoning capability (Qwen Team, 2025; Guo et al.,
2025; Lai et al., 2024; Yan et al., 2025). Some
works demonstrate that, starting from the base
model, RL algorithms (e.g., PPO (Schulman et al.,
2017), GRPO (Shao et al., 2024)) using rule-based
reward can greatly improve its reasoning ability and
even trigger the "Aha moment" (Guo et al., 2025;
Yu et al., 2025; Hu et al., 2025). Such methods that
directly conduct RL with base model are referred
to as zero-RL, meaning starting from "zero" (the
base model). These zero-RL models are typically
trained with tens of thousands of prompt samples
and optimized for thousands of steps.

5 Conclusion

In this paper, we find that the distilled model, which
shows impressive reasoning ability, generates much
more anthropomorphic tokens and logical connec-
tors compared to the base model and zero-RL
model. Going further, we observe that distilla-
tion enhances two advanced cognitive behaviors
in the base model: Multi-Perspective Thinking or
Attempting, and Metacognitive Awareness, which
appear to be key factors in improving reasoning
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ability.

Limitations

Our work also has some limitations. First, our
work highlight the importance of distillation for
relatively smaller model. In this paper, we use
32B model as our base model. Future work should
extend the investigation to medium-sized models,
such as 70B, to further explore the manifestation
and impact of the two advanced cognitive behav-
iors. Likewise, smaller models below 32B should
also be studied in depth. This is already part of our
planned future research.

Second, although we have demonstrated that the
distilled model exhibits the two advanced cogni-
tive behaviors introduced in subsection 3.2, there
may be other advanced reasoning behaviors learned
from the teacher model that are not covered in this
paper. For example, we observe that the distilled
model tends to abstract the problem and connect
it with prior knowledge to find potential break-
throughs, an ability that is also important for solv-
ing complex reasoning problems. However, since
this behavior appears less frequently than the two
cognitive behaviors introduced in subsection 3.2,
and because we find that using GPT-4o to identify
this behavior is highly unstable, we do not explic-
itly include it in this work. Future work should
investigate these additional advanced cognitive be-
haviors and use more advanced models and meth-
ods for reliable identification.
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A Experimental details

A.1 Details of Distillation Data

To construct the distillation dataset, we use the
reasoning model DeepSeek R1 (Guo et al., 2025)
to generate responses for all 920 AIME problems
from 1983 to 2023. DeepSeek R1 achieves an over-
all accuracy of 85.4% on this set. We directly use
the problem-response pairs without any filtering
based on correctness or prompt content. The distri-
bution of DeepSeek R1 response length is shown
in Figure 6.

A.2 Training Details of Distillation

We use the prompt template from (Yang et al.,
2024b) for distillation. See Table 5 for details. We
train using bfloat16 precision. The learning rate
is linearly increased to 1e-5 over the first 5% of
training steps, then decayed to zero following a
cosine schedule for the the rest of training. See
Table 6 for detailed training configurations. The
training framework is based on the implementation
in (Muennighoff et al., 2025).

The learning curve and learning rate schedule is
shown in Figure 7.

A.3 Comparison of Computational Costs
Between Distillation and Zero-RL

As shown in Table 1 and Section 2, although the
number of training samples for distillation and zero-
RL is not directly comparable, there is a substantial

difference in computational cost. As presented in
Table 7, zero-RL typically requires several times,
or even tens of times, more GPUs and training
time than distillation. If we want to achieve bet-
ter results with zero-RL, it would often require
substantially more resources than those listed in
Table 7. Note that as the number of distillation
examples increases, the performance of the dis-
tilled model may continue to improve. For exam-
ple, (Guo et al., 2025) demonstrates that perform-
ing SFT with 800,000 examples can significantly
enhance the base model’s performance.

B Details and More Results

As pointed out in (Hochlehnert et al., 2025), many
detailed evaluation parameters can influence the re-
sults, especially on datasets like AIME or HMMT,
which contain only 30 problems each. To ensure
reproducibility, we report detailed evaluation set-
tings in B.1 and include additional results under
other parameters in B.2.

B.1 Evaluation Details

Evaluation setting. In the main evaluation exper-
iments (Section 2), all models are evaluated with
a temperature of 1, a top-p of 0.95, a seed of 0,
and a maximum generation length of 32,768. For
open-source zero-RL models, we use the prompt
templates specified in their original papers or re-
ports (huggingface page). Specifically, the prompt
template for DAPO-32B is shown in Table 9; the
prompt template for ORZ-32B is shown in Table 8;
the prompt template for SimpleRL-32B is shown
in Table 10; the prompt template for Qwen2.5-32B-
Base is shown in Table 11. For all benchmarks, we
use the zero-shot setting.

Evaluation framework. As pointed out
in (Hochlehnert et al., 2025), the choice of eval-
uation framework can even affect the results a lot.
For fairness, all models are evaluated using the
same evaluation framework. Specifically, we adopt
the framework from Qwen2.5-Math, which itself
is adapted from Math-Evaluation-Harness.

In practice, we find that answer extraction strate-
gies can significantly affect evaluation results. For
example, the prompt template of DAPO-32B re-
quires the model to output the final answer after
the token "Answer:", but does not require the an-
swer to be enclosed in \boxed. As a result, the
Qwen2.5-Math evaluation framework, which prior-
itizes extracting answers from within \boxed, may

38092



Figure 6: Response length distribution of DeepSeek R1 on 920 distillation problems.

Table 5: Prompt template used for distillation (also referred to as the "Qwen2.5-math-cot" template). {question}
represents each question.

Prompt Template

<|im_start|>system
Please reason step by step, and put your final answer within \boxed{}. <|im_end|>
<|im_start|>user
{question} <|im_end|>
<|im_start|>assistant

Figure 7: Training curves for our distillation.

lead to inconsistencies in such cases. To accommo-
date these specific answer format requirements, we
adapt the answer extraction strategy accordingly.
For example, for DAPO-32B, we extract the text
following "Answer:" as the final answer.

B.2 More Results

Distillation results using other teacher models.
As shown in Table 12, different teacher models

yield different outcomes. If the teacher (such as
GPT-4o) lacks flexible reasoning ability (advanced
cognitive behaviors), distillation brings little ben-
efit; but if the teacher (such as QwQ-32B and
DeepSeek R1) frequently shows such patterns, the
distilled model consistently improves. This pro-
vides additional evidence that these advanced cog-
nitive behaviors play a critical role in reasoning.

Evaluation results under lower temperature.
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Table 6: Training configuration for distillation.

Parameter Value

Number of GPUs 16 × A800
Total epochs 5
Total training step 295
Global batch size 16
Gradient accumulation steps 1
Block size (Max length) 16,384
Learning rate warmup ratio 0.05
Learning rate 1e-5
Learning rate scheduler cosine
Weight decay 1e-4
Adam beta1 / beta2 0.9 / 0.95

Table 7: Comparison of computational costs between distillation and zero-RL.

Computational Costs Distillation 32B (Ours) Zero-RL 32B

Requirements of GPUs < 16 × A800/H800 Typically > 64 × A800/H800
Training time < 3 hours Typically > 48 hours
# of training samples 920 Typically > 10,000
Performance See Table1 See Table1

Table 8: Prompt template for DAPO-32B evaluation.

Prompt Template

<|im_start|>user
Solve the following math problem step by step. The last line of your response should be of the form Answer: $Answer
(without quotes) where $Answer is the answer to the problem.

{question}

Remember to put your answer on its own line after "Answer:".<|im_end|>
<|im_start|>assistant

In Section 2 (Table 1), we set the temperature to 1
and evaluate the models using Avg@32 or Avg@8.
Here, we additionally evaluate with a lower temper-
ature of 0.6. The results are shown in Table 13. As
shown, the evaluation results under temperature 0.6
are similar to those under temperature 1, and our
distilled model still clearly outperforms all other
models across all benchmarks.

Different prompt templates affect the per-
formance of Qwen2.5-32B-Base. In Section 2
(Table 1), we report the performance of the base
model Qwen2.5-32B-Base using no template. In-
terestingly, we find that different prompt templates
can significantly affect the evaluation results of
Qwen2.5-32B-Base, as shown in Table 14. Similar
findings have also been reported for the Qwen2.5-
Math base model (Liu et al., 2025). The "no tem-
plate" refers to the template in Table 11. The
"Qwen-boxed template" refers to the template in
Table 10. The "Qwen2.5-math-cot template" refers
to the template in Table 5.

Performance of the distilled and zero-RL

models on other domains. In addition to the
complex mathematical reasoning tasks reported in
Table 1, we also present the performance of the
distilled and zero-RL models on other domains in
Table 15.MMLU-Pro (Wang et al., 2024) consists
of 12K complex questions spanning a wide range
of disciplines such as Math, Physics, Chemistry,
Law, Economics and Psychology. MMLU-STEM
is a subset of the MMLU dataset (Hendrycks et al.,
2020) focused specifically on STEM-related sub-
jects. GPQA Diamond is also a science task, and
we reuse the results from Table 1. For all bench-
marks, we use the zero-shot setting.

As shown in Table 15, our distilled model also
outperforms other models and performs strongly.
Although the distilled data only contain mathemat-
ical content, the model’s performance on general
tasks does not show degradation and even benefit
from the distillation beyond its original domain.

For some general tasks, we observe similar po-
tential reward hacking or overfitting phenomena
in zero-RL output as discussed in Section D. We
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Table 9: Prompt template for ORZ-32B evaluation.

Prompt Template

<|im_start|>system
A conversation between User and Assistant. The User asks a question, and the Assistant solves it. The Assistant first
thinks about the reasoning process in the mind and then provides the User with the answer. The reasoning process is
enclosed within <think> </think> and answer is enclosed within <answer> </answer> tags, respectively, i.e., <think>
reasoning process here </think> <answer> answer here </answer>.<|im_end|>.
<|im_start|>user
{question}<|im_end|>
<|im_start|>assistant
<think>

Table 10: Prompt template for SimpleRL-32B evaluation (also referred to as the "Qwen-boxed" template.

Prompt Template

<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
{question}
Please reason step by step, and put your final answer within \boxed{}. <|im_end|>
<|im_start|>assistant

Table 11: Prompt template for Qwen2.5-32B-Base evaluation. We use no template, as using no template leads to the
best performance for Qwen2.5-32B-Base. See Table 14 for detailed comparison.

Prompt Template

{question}

Table 12: Performance of distilled models from different teacher models.

Metric Distilled-32B
(DeepSeek R1)

Distilled-32B
(GPT-4o)

Distilled-32B
(QwQ-32B)

AIME2024 (Avg@32) 61.2 12.5 66.7
AIME2025 (Avg@32) 50.0 11.8 64.6
HMMT Feb 2025 (Avg@32) 34.6 3.75 42.5

Table 13: Performance of different models across benchmarks at a lower temperature of 0.6.

Metric Distilled
-32B

Zero-RL
(DAPO-32B)

Zero-RL
(ORZ-32B)

Zero-RL
(SimpleRL-32B)

Qwen2.5
-32B-base

AIME2024 (Avg@32) 59.3 51.3 44.4 28.6 20.1
AIME2025 (Avg@32) 49.2 34.8 34.5 9.4 9.8
HMMT Feb 2025 (Avg@32) 34.9 13.4 19.8 5.4 2.3
GPQA Diamond (Avg@8) 60.2 49.5 55.3 47.3 41.1
MATH500 (Avg@8) 94.1 67.2 90.8 82.4 75.2

Table 14: Performance of Qwen2.5-32B-Base using different prompt templates. No template clearly outperforms
other prompt templates. No template refers to the template in Table 11, Qwen-boxed template refers to the template
in Table 10, Qwen2.5-math-cot template refers to the template in Table 5.

Metric Qwen2.5-32B-Base

No template Qwen-boxed template Qwen2.5-math-cot template

AIME2024 (Avg@32) 16.8 4.7 5.8
AIME2025 (Avg@32) 8.3 2.9 1.7

HMMT Feb 2025 (Avg@32) 1.9 0.5 0.5
GPQA Diamond (Avg@8) 34.9 34.9 32.3

MATH500 (Avg@8) 70.1 46.8 41.7

38095



Table 15: Performance of different models across benchmarks in other domains.

Metric Distilled
-32B

Zero-RL
(DAPO-32B)

Zero-RL
(ORZ-32B)

Zero-RL
(SimpleRL-32B)

Qwen2.5
-32B-base

General Tasks

MMLU-pro 75.1 62.9 70.9 69.5 52.3*

Science Tasks

GPQA Diamond 60.0 48.7 57.7 48.4 34.9
MMLU-stem 91.0 88.6 89.6 85.7 76.9*

* The slightly lower evaluation results compared to those reported in the Qwen2.5 technical
report (Yang et al., 2024a) may be due to our use of zero-shot evaluation. For fairness, we
report our evaluation results here where all models are evaluated using the same parameters.

select one example in Table 16. In this example,
DAPO selects the correct answer, but ends up out-
putting an unrelated integer: 3, instead of the cor-
rect option.

C More Analysis on Linguistic Patterns
and Advanced Cognitive Behaviors

C.1 Contrasting Solution Styles of Distilled
and Zero-RL Model

We provide additional response comparisons be-
tween our distilled model and the zero-RL models
in Tables 17, 18, and 19. Regardless of which
zero-RL model is used, there are clear differences
between the two types of models. Zero-RL models
tend to follow a fixed and pre-defined reasoning
path, while the distilled model frequently shifts its
thinking and exhibits more awareness of potential
mistakes.

It is worth noting that zero-RL models can in-
deed exhibit thinking shifts and awareness of mis-
takes, and sometimes even multiple times in some
problems. However, compared to the distilled
model, the overall frequency of such behaviors re-
mains significantly lower. This observation aligns
with the results in Figure 5, which show that the
distilled model can exhibit the two advanced cog-
nitive behaviors much more frequently, and both
the zero-RL and base models are also capable of
exhibiting them but to a significantly lesser extent.

C.2 Token Categorization

By examining the outputs of our distilled and zero-
RL models, we define three token categories based
on their semantic meaning and role in the sentence.
Different from (Yang et al., 2025), we modify the
set of anthropomorphic tokens and redefine the
categories of logical connectors and mathematical
reasoning tokens. The full tokens categories are as

follow:

• Anthropomorphic tokens: okay, me, hmm,
aha, wait, hold on, yes, mistake, perhaps,
maybe.

• Logical connectors: but, since, thus, however,
because, therefore, so, alternatively, another.

• Mathematical reasoning tokens: assume,
suppose, define, expand, apply, use, multiply,
solve, simplify, substitute, combine, rewrite,
equivalently, denote, rearrange, formula, plug,
imply, follow, calculate, notice, expression,
divide, add, start, set, evaluate, verify, check.

For each token, the frequency statistics include the
token itself as well as its variants. For example, for
the token "assume", we count both "assume" and
"assuming", and report their combined frequency
in Figure 2, 3 and 4.

For anthropomorphic tokens, we include words
that are often found in real human conversations.
Tokens such as "perhaps" and "maybe" are included
because they express uncertainty, a trait frequently
observed in human dialogue. We also include to-
ken "mistake" since it frequently shows up in sen-
tences with conversational tone and usually indi-
cates the speaker has recognized an error. For logi-
cal connectors, we select some common connectors
that signal contrast, progression, or coordination in
problem-solving process. For mathematical reason-
ing tokens, we include mathematical tokens that
frequently appear in the outputs of both the zero-
RL and distilled models.

C.3 Output of Token-Restricted Distilled
Model

As shown in Subsection 3.1, certain tokens (specif-
ically anthropomorphic tokens and some logical
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Table 16: An example of zero-RL outputs to a general task problem

Question: An astronomer observes that a planet rotates faster after a meteorite impact. Which is the most likely effect of this increase in rotation? (A)
Planetary density will decrease. (B) Planetary years will become longer. (C) Planetary days will become shorter. (D) Planetary gravity will become stronger.
Please write your final answer in the form of \boxed{A}, \boxed{B}, \boxed{C}, \boxed{D}.

Zero-RL model (DAPO-32B) response:
To approach this math and physics problem step by step...
...
- Option (C): Planetary days will become shorter. Correct, as an increased rotation rate means the time for one rotation (i.e., a day) becomes shorter.
- Option (D): Planetary gravity will become stronger. Incorrect, as the effect is likely to make gravity weaker due to increased centrifugal force.
Therefore, the most likely effect of the planet rotating faster after a meteorite impact is that planetary days will become shorter.

Answer: C

Thus the correct answer is C

Answer: 3

Table 17: The contrasting solution styles of the two models on an example from AIME 2024.

Question: Let B be the set of rectangular boxes with surface area 54 and volume 23. Let r be the radius of the smallest sphere that can contain each of the
rectangular boxes that are elements of B. The value of r2 can be written as p

q , where p and q are relatively prime positive integers. Find p + q.

Zero-RL model (DAPO-32B) response:
To approach this math problem step by step, we need to find...
...
Therefore, we have two cases to consider from the equations (b−a)(λc+µ) =
0 and (c − b)(λa + µ) = 0.
Case 1: a = b = c.
...
Case 2: We have two variables equal while the third differs...
...
so,

3
√
73

8
≈ 3 × 8.54

8
=

25.62

8
≈ 3.20.

...
thus √

17292.6

46
≈ 131.5

46
≈ 2.86.

Therefore, the radius for the configuration with...
...
[Answer].

Distilled model response:
Okay, so I need to find...
...
But wait, actually, since all boxes in set B...
...
Alternatively, minimize...
But maybe there’s a smarter way to approach this. Maybe using Lagrange
multipliers?
...
This seems complicated, but perhaps we can find a relation between l, w, h...
...
But wait, maybe there are other configurations where the box is not even with
two sides equal?
Alternatively, perhaps there is a mistake here. Wait, if we...
...
But earlier, when I thought we needed to minimize the space diagonal, I was
wrong...
...
[Answer].

Table 18: The contrasting solution styles of the two models on an example from AIME 2024.

Question: Let △ABC have circumcenter O and incenter I with IA ⊥ OI , circumradius 13, and inradius 6. Find AB · AC.

Zero-RL model (ORZ-32B) response:
<think>
Let’s break down the problem step-by-step...
...
Step 1: Interpret the condition IA ⊥ OI
...
Step 2: Recall important properties and coordinates
...
Step 3: Consider Euler’s formula relating the circumcenter and incenter
...
...
Step 36: Going back to the coordinates and distance
...
Step 37: Using the distances in terms of angles
...
Since p and q are positive (as they are products of magnitudes), the terms
(1 +

√
1 − 4p2) and (1 +

√
1 − 4q2) are

</think> <answer>
[Answer].
</answer>

Distilled model response:
Okay, let’s tackle this geometry problem...
...
I remember that in triangle geometry, there are formulas relating the sides,
circumradius, inradius, and distances between centers. Maybe Euler’s formula
relates some of these elements.
...
But wait, let me verify that. Yes, I think that’s correct...
...
Alternatively, using trigonometric identities or properties related to the incenter
and circumcenter. Wait, another thought: In triangle geometry...
...
But perhaps that’s not helpful here...
...
Wait, another approach: since IA is perpendicular to OI ...
...
Therefore, the answer should be 468. Let me check if there’s any possibility
that we made an error in assuming s = (3/2)a.
...
[Answer].

connectors) exhibit clear frequency differences be-
tween the distilled model and the zero-RL model.
The distilled model produces significantly more of
these distinctive tokens compared to the zero-RL
model. As shown in subsections 3.1 and 3.2, pre-
venting our distilled model from generating these
distinctive tokens leads to a clear drop in both per-

formance and the frequency of the two advanced
cognitive behaviors. Specifically, we select the fol-
lowing banned tokens: "wait", "me", "perhaps",
"maybe", "alternatively", "but", "another", "hold
on", "hmm", "alternate", "alternately", "not sure",
"okay", "seems", "though", "however". Apart from
restricting the generation of these tokens, all other
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Table 19: The contrasting solution styles of the two models on an example from AIME 2025.

Question: The set of points in 3-dimensional coordinate space that lie in the plane x+ y+ z = 75 whose coordinates satisfy the inequalities x− yz < y− zx <

z − xy forms three disjoint convex regions. Exactly one of those regions has finite area. The area of this finite region can be expressed in the form a
√
b, where a

and b are positive integers and b is not divisible by the square of any prime. Find a + b.

Zero-RL model (DAPO-32B) response:
Let’s break down the problem step by step.
...
Step 1: Understanding the Problem
...
Step 2: Analyzing the Inequalities
...
Step 3: Constraints on x, y, and z
We need to be mindful of the signs of 1+ z and 1+x in the inequalities above.
...
Step 10: Checking for Finite Area
#### For Case (Ib) and (IIa):
...
#### For Case (Ib) and (IIb):
...
Let’s double-check our triangle vertices and calculations to ensure...
...
</think> <answer>
[Answer].
</answer>

Distilled model response:
Okay, let’s try to tackle this problem...
...
First, the boundaries of the inequalities are the lines where the products are
zero, i.e., the lines..
...
Let me check each combination. First, A∩C: Region where x > y, x+y >
76, x < −1, x + 2y > 75. Is this possible?... Therefore, x + y > 76 is
impossible here. Hence, A ∩ C is empty.
...
Next, A ∩ D: x > y, x + y > 76, x > −1, x + 2y < 75. Possible?...
So, yes, this region exists. So, A ∩ D is non-empty.
...
Alternatively, maybe the finite region is bounded in 3D space on the plane...
...
Wait, let’s re-examine.
...
But perhaps this is similar to the previous approach. Alternatively, consider
normalizing the coordinates.
...
[Answer].

evaluation settings remain unchanged.

C.4 Experiments about analyzing advanced
cognitive behaviors

Experiments settings. We prompt GPT-4o3 to
identify which parts of each response reflect ei-
ther of the two advanced cognitive behaviors, and
count how many times each behavior appears per
response. The prompt template is shown in Ta-
ble 20. Since LLM-as-a-judge evaluation may ex-
hibit some instability, we mitigate this by sampling
multiple times. For the AIME, GPQA and HMMT
benchmarks, we randomly sample 4 responses per
problem for each model and average the results.
For the MATH500 benchmark, we sample 2 re-
sponses per problem for each model and average
the results.

More results. We additionally include the statis-
tics of two advanced cognitive behavior counts on
the HMMT Feb 2025 benchmark in Figure 8.

D Discussion

Potential reward hacking and overfitting in zero-
RL. Works such as (Yu et al., 2025; Hu et al.,
2025; Zeng et al., 2025) have contributed valuable
open-source datasets and provided detailed training
reports. However, we still identify several cases
that may indicate reward hacking or overfitting.
One such example is shown in Table 21. In this
MATH500 problem, ORZ-32B generates a rela-
tively long reasoning trace but abruptly ends the

3The version used is GPT-4o-2024-05-13

reasoning process right after the token "let’s,"
outputting the end-of-thought marker </think>
and "guessing" a (wrong) answer, even though the
response had not yet reached the maximum gen-
eration length we set. We check the length of the
output and found it to be close to the training-time
maximum, suggesting that this behavior might have
accidentally led to a correct answer during training
and is reinforced through reward. DAPO-32B first
generates a fractional result, but when producing
the final answer, it outputs an integer. We notice
that all answers in training set are integers, which
suggests that the model may overfit to the expec-
tation that only integer answers are correct, due to
consistent negative reward for non-integer outputs.
These phenomena can be frequently observed in
the outputs of zero-RL models, suggesting we still
need to be careful when choosing RL parameters,
including details such as the maximum generation
length during training and the format of ground
truth answers in the data.

Why larger models can exhibit sustained perfor-
mance improvements? In this paper, we focus
on smaller models (e.g., 32B) and highlight how
distillation can enhance two advanced cognitive
behaviors, enabling flexible reasoning and thereby
improving overall reasoning performance. How-
ever, as shown in (Guo et al., 2025), the performing
zero-RL on larger base model (DeepSeek-V3-Base
671B) can lead to substantial performance gains
and the emergence of self-reflection reasoning ca-
pabilities. The outputs of DeepSeek-R1-Zero also
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Table 20: Prompt template for GPT-4o to identify the two advanced cognitive behaviors.

Prompt Template

In the process of solving difficult math problems, there are two types of advanced cognitive behaviors:

1. *Multi-Perspective Thinking or Attempting*: Viewing a problem from diverse perspectives to gain fresh insights, or
exploring different ideas and alternative approaches to make meaningful progress. For example, expressions like "let’s try
another angle..." and "but I need a better strategy ... here’s an idea, let’s try...".

2. *Metacognitive Awareness*: Actively reflecting on your reasoning process during problem-solving to assess progress,
evaluate current strategies, and identify potential errors in real time. Any reflective hesitation, backtracking, and verification
are indicative of this awareness. For example, expressions like "wait, maybe my approach is wrong here" and "it seems
not correct, step back".

Problem: {question}

Response: {response}

Based on the above response, please strictly identify whether the two advanced cognitive behaviors appear. Please think
step by step, and finally output the relevant excerpts and the number of occurrences in a clean JSON format as shown
below:

### JSON Output:

{
"Multi-Perspective Thinking or Attempting": {
"count": <number>,
"excerpts": ["..."]

},
"Metacognitive Awareness": {
"count": <number>,
"excerpts": ["..."]

}
}

Figure 8: Comparison of the number of advanced cognitive behaviors per response on HMMT Feb 2025.

contain the distinctive tokens emphasized in this
paper (anthropomorphic tokens and some logical
connectors), which contrasts with the rigid reason-
ing observed in zero-RL models trained on smaller
models. For this issue, we propose two possible rea-
sons. One possible reason is that, as pointed out by
some studies (Liu et al., 2025), the larger base mod-
els already exhibit self-reflective keywords. This

suggests that the two advanced cognitive behaviors
discussed in this paper may already exist in the
larger base model to a non-negligible extent. The
second possible reason is that DeepSeek-R1-Zero
may benefit from well-designed prompts, a robust
training framework, and carefully tuned parameters
during RL training. Combined with the stronger
contextual understanding and reasoning ability of
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Table 21: An example of zero-RL outputs to a MATH500 problem.

Question: Let p(x) be a polynomial of degree 5 such that p(n) = n
n2−1

for n = 2, 3, 4, . . . , 7. Find p(8).

Zero-RL model (ORZ-32B) response:
<think>
...
There is a sign error, so let’s double-check the setup.
Revisiting the expressions, let’s
</think> <answer>

8

63

</answer>

Zero-RL model (DAPO-32B) response:
...
Finally, after the detailed process above, we found p(8) by the Lagrange
interpolation method to be 3

56 .

Answer:
3

56

Let’s convert this to the final form of the answer.
It seems the solution to the problem yields the polynomial value of p(8) =

3

56
.

Answer: 3

larger base models, this allows the model to recog-
nize the importance of the two advanced cognitive
behaviors before the output entropy becomes too
low. The exact reasons behind this remain beyond
the scope of this paper, and will need to be explored
in future work.

Constructing distillation data in the absence of
a teacher model. Beyond this work, we also try
to construct distillation data in the absence of a
teacher reasoning model. We select two responses
from DeepSeek R1 (Guo et al., 2025) and Gem-
ini2.5 Pro (Comanici et al., 2025) as examples,
and use two-shot prompting to guide GPT-4o to
generate responses with similar patterns for dif-
ferent questions. We include the description of
two advanced cognition behaviors in the prompt
as well. However, possibly due to the excessive
prompt length, GPT-4o still struggles to gener-
ate high-quality responses that exhibit the two ad-
vanced cognitive behaviors, and the resulting re-
sponses are shorter on average compared to those
from DeepSeek R1. Considering that only a small
amount of distillation data is sufficient to activate
these advanced cognitive behaviors, manually writ-
ing such examples may be a feasible alternative.
We plan to explore this direction in future work.

E Others

E.1 LLM for writing
The LLM was used only for light language pol-
ishing and grammar checking when writing this
paper.

E.2 Potential Risks
In this work, we do not aim to completely elimi-
nate unsafe outputs from large language models.
However, our results suggest that distillation with a
small set of high-quality samples can strongly steer

model behavior. This raises an important dual-use
concern: a similar pipeline could use a small, tar-
geted harmful dataset to trigger harmful outputs,
potentially bypassing or weakening existing safety
protections. A practical mitigation is to use de-
fense in depth at deployment, such as applying a
safety detector or policy filter to the model’s out-
puts (and, when needed, to intermediate tool calls)
before returning the final response.
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