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Abstract

On-policy distillation (OPD), which sam-
ples trajectories from the student model and
supervises them with a teacher at the token
level, avoids relying solely on verifiable ter-
minal rewards and can yield better general-
ization than off-policy distillation. However,
OPD requires expensive on-the-fly sampling
of the student policy during training, which
substantially increases training cost, espe-
cially for long responses. Our initial anal-
ysis shows that, during OPD, training sig-
nals are often concentrated in the prefix of
each output, and that even a short teacher-
generated prefix can significantly help the
student produce the correct answer. Moti-
vated by these observations, we propose a
simple yet effective modification of OPD:
we apply the distillation objective only to
prefizes of student-generated outputs and
terminate each sampling early during dis-
tillation. Experiments on a suite of Al-for-
Math benchmarks show that on-policy pre-
fix distillation achieves performance close
to full OPD while reducing training cost by
one to two orders of magnitude. !

1 Introduction

As large language models (LLMs) continue to
scale in size, model compression (Bucilud et al.,
2006) becomes increasingly important for de-
ploying LLMs to real-world applications where
resources are often limited. Knowledge distil-
lation (Hinton et al., 2015) is a widely-used
technique in machine learning for compressing
a large teacher model into a smaller student
model while retaining the teacher’s capabilities.

In the context of LLMs, distillation is typ-
ically performed via supervised fine-tuning
(SFT), where the teacher first generates a fixed
set, of off-policy token trajectories and the stu-
dent is trained to imitate these outputs through

Our code is available in the attachment.

next-token prediction (Kim and Rush, 2016;
Radford et al.; Wei et al., 2022; Ouyang et al.,
2022). Despite its broad adoption, this ap-
proach has a notable limitation, known as the
exposure bias problem, where the training is
exclusively using the teacher-generated data,
therefore the student rarely learns from its own
induced states which leads to error cumulation
during test time (Lin et al., 2020). Such mis-
match could degrade generalization (Chu et al.,
2025), cause catastrophic forgetting (Luo et al.,
2025b; Kalajdzievski, 2024), and increase hal-
lucination rates (Gekhman et al., 2024; Kalai
et al., 2025).

On-policy learning (Williams, 1992), a
paradigm long studied in reinforcement learn-
ing (RL), has recently gained attraction for
training and aligning LLMs due to its strong
generalization capabilities. However, these al-
gorithms often require full rollouts of the cur-
rent policy to obtain verifiable rewards (Lam-
bert et al., 2024). When model outputs are
long, such as in tasks involving deep, multi-
step reasoning, this training process becomes
prohibitively expensive.

On-policy distillation (OPD) (Lin et al.,
2020; Gu et al., 2024; Ko et al., 2024; Agar-
wal et al., 2024; Lu and Lab, 2025) addresses
key limitations of both issues from SFT and
RL by minimizing the divergence between poli-
cies of student-generated outputs (SGO) and
a teacher at token level. While OPD often
exceeds the performance of SF'T with lower
training costs, each update is still expensive:
Rather than reusing trajectories from a static
off-policy dataset, to preserve the on-policy
property, OPD requires generating fresh roll-
outs on the fly to maintain the on-policy prop-
erty, and in reasoning-heavy tasks, these solu-
tion trajectories can span tens of thousands of
tokens.
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Figure 1: On-policy prefix distillation backpropa-
gates gradients only through the first few tokens of
each student rollout and the sampling stops early
during training. During test time, the student con-
tinues to generate until the final answer.

One natural idea is that, since OPD receives
token-level feedbacks, we do not need to wait
until the end of each rollout. This insight raises
our central research question: Can we pre-
serve the benefits of on-policy distillation
while only supervising the prefix of each
student trajectory, thereby reducing the
training cost?

To answer this question, we first need to
validate the following two assumptions: (1)
prefixes of on-policy rollouts should be criti-
cal during OPD, i.e. they should receive more
training signals from OPD than the rest of
the trajectory, and (2) once the prefix is well
aligned, the student model should be able to
complete the remainder of the reasoning and fi-
nal answer without additional supervision. Our
experimental analysis in Section 2 provides em-
pirical evidences supporting these assumptions.

We then conduct more extensive experiments
across multiple math-reasoning benchmarks.
The results demonstrate that on-policy pre-
fix distillation can effectively improve the stu-
dent’s performance after only a handful of gra-
dient updates, while reducing the training-time
compute by one to two orders of magnitude.

2 Preliminary Study

In this section, we first describe the learning
objective of on-policy distillation. Then, we
provide experimental analysis to validate the
idea of on-policy prefix distillation.

2.1 On-policy Distillation

On-policy distillation generalizes classical off
-policy knowledge distillation that at each iter-
ation the student policy 75 gathers data and is
updated to maximize the similarity to a fixed
teacher 77 using Kullback-Leibler divergence:

n}rin {KL(TFS I 7TT)}.

We choose to use the reverse KL divergence
because it encourages the student to assign high
probability to teacher-preferred actions, reduc-
ing opportunities for reward hacking, which
often happens when using forward KL. Its
mode-seeking nature also reduces the risk of
spreading the student policy over many sub-
optimal options(Gu et al., 2024; He and Lab,
2025) 2. In addition, though previous work
(Agarwal et al., 2024) also allows using a mix-
ture of forward and reverse KL, it shows that
for arithmetic reasoning, such Jensen shannon
divergence could lead to less optimal perfor-
mances.

To avoid storing the complete logits over
the whole vocabulary for each token in the
trajectory, we adopt the following unbiased
estimation via sampling:
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Because the expectation is taken over the
student’s own state distribution, OPD avoids
the distributional mismatch that plagues off-
policy imitation and yields gradients aligned
with the deployment policy.

Optionally, a student can also leverage off-
policy training data, receive rewards from en-
vironment or use entropy loss / KL regulariza-
tion to its old policy for robustness and specific
downstream needs. However, in this work we
do not explore these losses for simplicity and
focus on the on-policy distillation component.

Note that, to correct the off-policy issue due
to floating-point non-associativity (He and Lab,

*We use Al4Math benchmarks in this work for evalu-
ation, and often a math problem can be solved by more
than one solution path. For example, in Appendix E,
we show that AIME-2024 has approximately 5.4 unique
solutions per question.



2025), we follow Lu and Lab (2025) ® and adopt
importance sampling during policy gradient.

Next, let’s motivate the prefix distillation by
answering the following questions.

2.2 Does Prefix Receive More Training
Signals?

To understand where the learning signal origi-
nates from, we measure the token-level average
reverse-KL loss from Eq. 1 over tokens grouped
into each positional bin along the trajectory
during on-policy distillation training.

We use Qwen3-1.7B-Base and Qwen3-8B-
Base (Yang et al., 2025) as the student models,
and Qwen3-8B as the teacher model. Figure 2
shows the distribution of the average magni-
tude of reverse-KL loss at 10-th, 20-th and
30-th steps of full on-policy distillation train-
ing on the OpenThoughts3 (Guha et al., 2025)
dataset. Each point in the curve corresponds
to a positional bin covering 256 tokens, with a
maximum output length of 16,384 tokens. Dur-
ing training, batch size 512 and learning rate
5e-5 are used, following Lu and Lab (2025).

The distribution plot reveals that training
signal is concentrated in the earlier generated
tokens, and this effect is consistent across var-
ious training steps and model sizes. We con-
jecture that this pattern reflects the student
model being weaker at high-level planning cap-
tured early in the trajectory than at executing
later steps of a plan.

2.3 Can a Student Model Complete a
Truncated Response from the
Teacher without Training?

Another question is whether a student that
receives supervision only at the beginning of
its responses can subsequently finish the solu-
tion correctly. To probe this, we conduct a
teacher-prefiz study: we let the teacher LLM
(Qwen3-8B) generate full solutions, feed the
first L tokens (L € {2048,4096,6144,8192})
to un-trained students, and ask them to con-
tinue the reasoning unaided. This experiment
is purely probing the model’s ability to “fill in
the tail”.

3For more details, please refer to https:
//tinker-docs.thinkingmachines.ai/losses#
policy-gradient-importance_sampling. We also
following this implementation and sum the token-level
losses over the sequence length.

Figure 3 reports mean accuracy at 16 sam-
ples on AIME-24. During this experiment,
we also ensure that teacher’s final answer is
not likely in the prefix by enforcing L, <
min{L,, L, — 512} where L, is the length of
teacher’s prefix and L, is the length of teacher’s
full response for the current input. Note that
the teacher’s average output length on AIME-
24 is 15k and maximum output length for this
experiment is set to 32k.

Firstly, the plot shows that teacher’s reason-
ing prefix does improve students’ performances,
suggesting that the early guidance from the
teacher can effectively help students to infer
the remaining steps even without further train-
ing. In addition, the curve also shows that the
performance jumps sharply given the first few
thousands teacher tokens and the increase slows
down thereafter. This again verifies that the
prefix is crucial during the reasoning process.
We further provide a case study from AIME-24
to illustrate the effect of the teacher-solution
prefix in Appendix A.

3 Methodogy

Figure 1 shows the main idea of prefix distil-
lation. In this work, we enforce prefix-only
training by limiting the maximum generated
response length during training to L;,rain €
{256,512,1024,2048}. No additional modifi-
cation to the loss or sampling procedure is
required; we simply early-stop the on-policy
generation once the budget is reached, back-
propagate through the truncated trajectory for
gradient updates, then proceed to the next
batch. The on-policy property is preserved.
At evaluation time we remove the cap?, en-
suring that final task performance is not artifi-
cially constrained. This design choice keeps the
implementation minimal, yet yields significant
savings of computation during training.

Special Tokens. Though memory friendly,
we observe that it is challenging for the sample-
based KL estimation in Eq. 1 to learn from gen-
erating special tokens. When such supervision
is provided from the teacher, the student keeps
attempting to switch to a different token which
leads to generating unreadable content. To
avoid falling into such scenario, in our training,

“In the rest of the experiments, we allow up to
Li*=16384 tokens
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Figure 2: Distribution of reverse-KL loss along the output position during full on-policy distillation over
OpenThoughts3. Top: Student model is Qwen3-1.7B-Base. Bottom: Student model is Qwen3-8B-Base.
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Figure 3: MEAN Acc.@16 on AIME-24 when an un-
trained student (Qwen3-8B-Base and Qwen3-1.7B-
Base) continues from varying lengths of a teacher
(Qwen3-8B)-generated prefix.

<think> is enforced at the end of the input
prompt, to align with the teacher’s behavior.

Prefix Scheduling. Although short prefixes
reduce cost, later tokens in the student’s roll-
out can still carry valuable supervision when
scored under the teacher. To progressively ex-
pose the student to longer-horizon feedback, we
explore a simple linear schedule that increases
the training prefix length after each gradient
update: L;rain — L;rain + Ap. In our experi-
ments, LY starts with 1 and Ap = 256.

4 Experiments

4.1 Setup
We randomly sample questions from
OPENTHOUGHTS3 (Guha et al, 2025)

for training, use Qwen3-1.7B-Base / Qwen3-
8B-Base as the student, and Qwen3-8B as the
teacher.

Hyperparameters. Following hyper-
parameters from Lu and Lab (2025), For SFT,
we use batch size 128, learning rate 1 x 107%;
For OPD and our prefix variants, we use batch
size 512, learning rate 5 x 107°. For more
details on the effect of different learning rates,
please refer to Appendix C. We implement

training with the VERL framework (Sheng
et al., 2024), and optimise using AdamW. All
OPD experiments are run for 60 training steps,
capped by a 7-day budget of 8xA100 GPUs for
the full OPD training using Qwen3-8B-Base.
We use in total 30.7k questions for OPD
training, and 192k data for SFT to reach a
comparable FLOPS.”

Benchmarks. Evaluation is performed on
MATH500 (Hendrycks et al.), AIME-24,
AIME-25 as in-domain testing, GPQA (Rein
et al., 2024) and a random sample of 500 ques-
tions from MMLU-Pro (Wang et al., 2024) as
out-of-domain testing. During evaluation, tem-
perature is 1.0 and maximum response length
is 16 384.

Metrics. For MATH500, GPQA and MMLU-
Pro, we report mean accuracy among 4 samples.
For AIME24 and AIME25 we calculate mean
accuracy over 16 samples to reduce the vari-
ance. We use AIME24 as development set and
choose the best checkpoint for each baseline to
report Accuracy. More details can be find in
Appendix D. To compare computational cost
during training, we estimate the GPU FLOPs
including forward sampling, log prob computa-
tion from teacher and student, backward passes,
and gradient updates accordingly. For more
details, please refer to Appendix B. We also re-
port GPU hours to take into account I/0, CPU
and other computation cost during training.
Baselines. We compare the base model, off-
policy SFT, OPD with full rollout of maxi-
mum 16,384 tokens during training, and prefix
OPD. We select two checkpoints as our base-
lines, student after 10-th gradient descent of
full OPD, and student with 300 steps of SF'T.

TOPD uses significantly higher FLOPS per prompt
than SFT because it requires multiple response
sampling during training and needs to calculate
IOgWT($t+1 | Tlyenn, J,’t).



In-Domain Out-domain Training cost

MATH500 | AIME-24 | AIME-25 | GPQA | MMLU-Pro FLOPS [ Hours®

Qwen3-1.7B-Base 20.1 0.2 0.0 11.2 9.1 No post training
Limited budget
OPD (full, 10 steps) 43.4 5.4 3.5 18.3 30.7 [ 8.2 x €™ 12.2
SFT (300 steps) 60.5 4.6 6.9 20.2 28.5 || 1.3 x e!® 3.7
OPD (prefix 256) 50.0 4.8 6.3 1.0 1.5 [ 9.4 x 7 2.4
OPD (prefix 512) 47.6 4.2 6.0 1.1 1.0 || 1.4 xe'® 2.8
OPD (prefix 1024) 54.5 8.1 9.0 1.1 1.9 || 2.5 xe'® 3.4
OPD (prefix 2048) 58.3 7.3 5.8 4.5 12.0 || 4.7 x e*® 5.0
Sufficient budget “Upperbounds”

OPD (full) 67.3 10.0 11.5 24.6 413 [ 5.7 x e 68.6
SFT (1500 steps) 70.8 8.8 14.4 19.8 29.6 || 6.6 x e'? 18.3
OPD (prefix scheduling) 68.1 10.6 11.5 23.6 39.4 || 2.4 x e 30.8

Table 1: Mean accuracies and costs with Qwen3-1.7B-Base as the student.

In-Domain Out-domain Training cost

MATH500 | AIME-24 | AIME-25 || GPQA | MMLU-Pro FLOPS | Hours®

Qwen3-8B-Base 39.0 5.2 2.1 17.6 26.5 No post training
Limited budget
OPD (full, 10 steps) 77.6 23.3 24.2 47.5 62.7 [ 2.7 x ™ 23.3
SET (300 steps) 88.3 31.9 25.4 38.5 52.6 || 4.4 x e*? 11.3
OPD (prefix 256) 82.0 30.8 26.3 35.5 58.9 [[ 3.4 xe™® 3.2
OPD (prefix 512) 84.7 33.5 26.7 35.7 60.3 || 5.2 x e'® 4.8
OPD (prefix 1024) 84.1 36.5 28.3 37.1 60.5 || 8.9 x e'® 5.6
OPD (prefix 2048) 87.1 39.2 31.3 40.0 61.3 || 1.7 x *? 9.8
Sufficient budget “Upperbounds”

OPD (full) 87.4 44.2 33.5 48.8 66.5 || 1.8 x ™ 148.3
SFT (1500 steps) 91.3 41.7 34.6 42.2 55.4 || 2.2 x *° 56.7
OPD (prefix scheduling) 86.9 44.0 33.5 48.3 66.1 || 7.5 x e 53.0

Table 2: Mean accuracies and costs with Qwen3-8B-Base as the student.

These two baselines are chosen because they
use similar order of magnitude of training cost,
while slightly higher, in comparison to results
from prefix OPD. Then, we also put the re-
sults with 60 steps of full OPD and 1500 steps
of SFT as “upperbounds” and compare them
with our prefix scheduling variant.

4.2 Main Results

Table 1 and 2 present our main results. All
experiments are zero-shot. The best and second
best results within each column are highlighted
with bold and underline accordingly, excluding
“upperbounds”.

First, let’s look at baselines. We observe
that, given a sufficient training budget, full
OPD shows better out-of-domain performance,
and similar or slightly worse in-domain perfor-
mance than SFT, indicating that OPD indeed
generalizes better than SFT.

In-domain. From in-domain results, OPD
with prefix 1024 / 2048 out-perform baselines
with limited budgets in AIME-24 and AIME-25

with half the FLOPS. And they approach the
performances of upperbounds with less than
10% the FLOPS. On MATH500, OPD with
prefix out-perform OPD (full, 10 steps), while
perform only slightly worse than SFT (300
steps). These results indicate that prefix OPD
can effectively reduce the training cost while
maintaining a competitive performance.

Out-of-domain. Out-of-domain results di-
verge when different model sizes are used.
When the student is Qwen3-8B-Base, prefix
OPD out-performs the base model, and gradu-
ally approach full OPD’s out-domain accuracy
when increasing the prefix length. While, when
the student is Qwen3-1.7B-Base, prefix OPD
harms the performance, leading to lower accu-
racies than the student before training. This
indicates that the prefix knowledge can general-
ize to out-of-domain when the student has suf-
ficient parameters, but cannot be generalized
to out-of-domain scenario when the student is
overly compact.

Scheduling. Our linear prefix scheduling



strategy provides benefits of both prefix distil-
lation and full trajectory distillation. Across
all settings, scheduled prefix OPD matches the
upperbound performance of full OPD while
using less than half of the FLOPS. We also
provide a response example in Appendix A.
These results suggest that allocating compute
progressively to longer prefixes is effective and
it is worth exploring more adaptive schedulers
(e.g., curriculum based on validation perfor-
mance or KL/entropy signals) in the future
work.

4.3 Ablation Study

Prefix distillation can be interpreted as an ex-
treme form of reward shaping in which token-
level advantages outside the first Liyai, posi-
tions of rollouts are multiplied by zero. The
premise is that not every token contributes
equally to downstream accuracy. We conduct
an ablation study to compare the usefulness
of different position in the rollout during on-
policy distillation. In particular, we apply a
sliding window of same length to the rollouts
and only pass through policy gradents within
the window. The windows we applied are [1024,
2047], [2048, 3071], [3072, 4095] and 1024 to-
kens on the tail. Results in Table 3 show that
the prefix window leads to the best results dur-
ing training, which suggests that “earlier is
more important” is an effective heuristic.

Method Step 10 | Step 20 | Step 30
OPD (full) 233 108 0.0
OPD on prefix 1024 26.3 32.5 34.8
OPD on [1024,2048) 14.0 16.0 16.0
OPD on [2048,3072) 18.8 16.9 15.8
OPD on [3072,4096) 9.4 19.2 22.5
OPD on tail 1024 17.9 23.8 23.8

Table 3: Ablation of masking strategies with Qwen3-
8B-Base as student and Qwen3-8B as the teacher.
We report Mean Acc.@Q16 on AIME-24.

5 Discussion

5.1 Cost and Performance Trade-off

In this section, we would like to discuss the
trade-off between the training cost and vali-
dation accuracy given different prefix lengths.
Figure 4 shows the trade-off dynamics during
training on AIME-24.

Finding 1: Given a limited computing
budget, distillation with a shorter prefix
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Figure 4: Comparison of training compute vs Mean
Acc.@16 on AIME-24. Top: Student is Qwen3-
1.7B-Base. Bottom: Student is Qwen3-8B-Base.

can enable significant performance gain.
When the budget is sufficient, a longer
prefix eventually performs better via pre-
fix scheduling. If we compare performances
on the left sides (10 and 20-th steps) of each
curve, we can see that shorter prefix can often
enable significant accuracy gain in comparison
to a longer prefix. For instance, from the bot-
tom figure, it shows that 10 steps of OPD on
256 prefix tokens is able to increase the student
model’s accuracy from 5% to 23.5% with only
5.7 x e!” FLOPS. In comparison, Off policy
SFT requires 1.5 x e'? to reach a 22.5% accu-
racy ®, and full OPD requires 2.7 x e!? FLOPS
to reach a similar performance.

In contrast, if we compare accuracies of right
sides (50 and 60-th steps) of each curve, we

8For SFT, we didn’t take into account the cost of
generating the off-policy training data. In the real
scenario, if we take this overhead into account, the cost
could be significantly higher.



often see that a longer prefix can lead to higher
accuracies ?. This suggests that when given
sufficient budgets for training, a longer prefix is
preferred for better performances. And prefiz
scheduling is highly recommended rather than
a full distillation from the beginning of training
to save training cost.

5.2 How Prefix Learning Affect the
Tail?

To investigate the affect of prefix-only learning
after the prefix length, we plot a token level
loss distribution with OPD with prefix=1024
on Qwen3-8B-Base on Openthoughts3.
Finding 2: Prefix on-policy distillation
can reduce the loss on the tokens outside
of prefix. Fig 5 shows the distribution over
different position of rollout at step 10, 20 and
30. It shows that with more prefix OPD train-
ing, token losses outside the prefix (position
1024) also decrease (shown as the down arrows).
The decrease is most significant when close to
the prefix, and fades away on the tail. This is
not surprising as the knowledge learned at the
prefix may also be leveraged during the rest
of the output through the model’s parameters.
We can draw a similar conclusion by comparing
results between Fig 3 and Table 2. The student
that learns from the 2048 prefix out-performs
the student that directly uses teacher’s prefix
without training (39.2 vs 27.3 on AIME-24).
Finding 3: Learning the prefix benefits
the tail for a student model with suffi-
cient parameters, but can hurt the tail
given a small model size. Interestingly, from
Fig 5, for a compact model like Qwen3-1.7B-
Base, the loss is increased on the tail during
training (shown as the up arrow in the figure).
It indicates that a small model size could lead
to the prefix “competing® the loss with the
tail rather than “sharing” the benefit during
on-policy distillation.

5.3 Off-policy Prefix Distillation

In this section, we would like to explore whether
prefix distillation can also be applied to an off-
policy setting where the student learns from the
prefix of a teacher’s sampled outputs. Figure 6
shows some preliminary results. We implement

9Exceptions are often due to variances during train-
ing.
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Figure 5: Distribution of reverse-KL loss along the
output position during On-policy prefix distillation
with prefix=1024. Top: Student model is Qwen3-
1.7B-Base. Bottom: Student model is Qwen3-8B-
Base.

off-policy prefix distillation by setting the max-
imum context length of SF'T to 2048, and eval-
uate the results on AIME-24 and MATH500.
We also plot results from OPD with prefix 2048
into the same diagram for easier comparison.
Finding 4: Prefix distillation is partic-
ularly effective in the on-policy setting,
but does not transfer well to off-policy
SFT. From the result, prefix SF'T with large
learning rate quickly harms the student model’s
performance, while a smaller learning rate only
slows down the performance decrease. When
further looking into sampled outputs of stu-
dent model with prefix SFT, we found that
the beginning of outputs are readable and log-
ically sounding, while the tail often contains
self-repeating and even unreadable tokens. It
indicates that off-policy prefix distillation con-
ditions the student on teacher prefixes that the
student would not reliably reach on its own.
Such distribution mismatch makes it challeng-
ing for the student to continue generating be-
yond the prefix. This analysis suggests that the
combination of prefix learning and on-policy
distillation is a rather unique intersection.

6 Related Work

On-policy Distillation. On-policy learning
is a long-standing paradigm in reinforcement
learning (Williams, 1992; Rummery and Niran-
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lation. The student is Qwen3-8B-Base; Off-policy
prefix signals are sampled from Openthoughts3.
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jan, 1994), in which the data used for learning
are collected by the same policy that is being
optimized. This alignment between data col-
lection and the learned policy reduces distribu-
tional mismatch between training and deploy-
ment, often leading to more robust behavior.
Recent work on on-policy distillation (Lin et al.,
2020; Gu et al., 2024; Ko et al., 2024; Agarwal
et al., 2024; Lu and Lab, 2025; Ko et al., 2025)
adapt this idea to a distillation setting: the
student samples its own responses, then a di-
vergence loss aligns its token-level policy with
that of a fixed teacher. Because expectations
are taken under the student’s state distribution,
OPD mitigates the distributional shift issues
that affect off-policy imitation and can yield
better generalization more effectively.
Nevertheless, existing OPD methods typi-
cally require generating full, often long rollouts
at each step, which is prohibitively expensive

for reasoning-heavy tasks. Our approach pre-
serves the on-policy nature of OPD while dras-
tically reducing training cost by supervising
only short prefixes of each on-policy trajectory.

Token selection during LLM training.
Several work shows that not all tokens in the
reasoning traces are equally useful during LLM
training. Rho 1 (Lin et al., 2024) use a reference
model trained on clean corpus to help select
high quality tokens during the LLM pretraining
stage. Entropy-based token selection has also
been shown to achieve similar or even better
performance than full policy gradient (Wang
et al., 2025). SelecTKD (Huang et al., 2025)
adopts more sophisticated token selection cri-
teria to reduce noisy signals from teacher via
top-k token verification and non-greedy spec-k
verification. AdaKD (Xie et al., 2025) further
considers the real-time learning difficulty of
each token for the student and let the stu-
dent focus on the most valuable token during
training. A closely related work by Ji et al.
(2025) points out that early segments of chain-
of-thought contain critical signals and later
tokens can become increasingly noisy or redun-
dant. While our task is different, we share a
similar instinct: our distillation is focused on
the informative early tokens, yielding substan-
tial compute savings while retaining most of
the benefits of full OPD on long rationales.

Reducing the length of LLM reasoning
during inference. Our work aims to reduce
the training cost by only learn from reasoning
prefixes. Many recent work focus on reduc-
ing the reasoning length during inference by
shortening the CoTs of training data Feng et al.
(2024); Chen et al. (2025); Luo et al. (2025a).
A combination of these approaches and our
prefix distillation is an interesting future work.

7 Conclusion

We introduced on-policy prefix distillation, a
simple modification of on-policy distillation
that truncates student rollouts and applies the
token level advantages only to the prefix of
each sample. Experiments on Al4Math bench-
marks demonstrate that our approach attains
substantial gains over the base model and re-
mains competitive with full on-policy distilla-
tion, while significantly reducing training cost.



8 Limitations

We evaluate our approach exclusively on rea-
soning tasks assuming the output contains long
chain-of-thought reasoning. It remains un-
known whether prefix distillation can be more
generally adopted in other long-form genera-
tion scenarios such as summarization, story
generation, etc. Moreover, prefix-only train-
ing presumes that the base model can already
follow instructions and produce valid output
formats; for weaker students, an initial warm-
up phase of SFT or full OPD may still be
necessary. Finally, like standard OPD, our
method requires teacher and student to share
a same vocabulary so that token-level losses
are well-defined.

Risks Since gradients are applied only to the
early portion of each student rollout, prefix-
only learning may preferentially transfer the
teacher’s initial reasoning style while under-
training behaviors that typically emerge later
in a response (e.g. safety refusals, calibration,
or self-correction). As a result, the student may
appear well-aligned in its opening tokens but
deviate in longer completions. For applications
where late-stage safety or calibration is impor-
tant, we recommend prefix scheduling (progres-
sively increasing the trained prefix length so
later tokens are also supervised by the teacher
by the end of training) and explicit end-to-end
evaluation on safety/calibration benchmarks
before deployment.

AT Assistant within This Work We used
ChatGPT 5.2 to assist with grammar checking,
language refinement, and drafting code for plot-
ting figures/diagrams. ChatGPT was not used
to generate experimental results, perform data
analysis, or introduce new technical claims. All
reported numbers and statements were verified
by the authors against the underlying experi-
ments and sources.
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A Teacher-prefix example: full
details

Example. To illustrate the effect of the
teacher-solution prefix, consider the following
olympiad-style problem from AIME-2024:

Let T,Y, 2 be positive
real numbers that satisfy
oga(Z) = 4 log(L) =
%, log, (fy) = %. Then the value
of ‘logg(az4y322)} is T, where m

and n are relatively prime positive
integers. Find m + n.

A straightforward solution is obtained by
setting a = logy x, b = logyy, ¢ = log, 2z and

rewriting the system as a—b—c = %, b—a—
c= %, ¢ —a—b= 21 Solving these linecar
equations gives a = —5;, b = —%, c = —%,
hence logy(z'y32?) = 4a 4+ 3b+2c = -2, so
‘logQ (x4y322)‘ = 2—;’ and the correct answer is
m—+n = 33.

We now compare two prompts to the same
student model on this problem.

Base model. When we present the problem
directly, the Qwen3-8B-Base student model
quickly drifts into an internally inconsistent
derivation. For example, it first rewrites
the logarithmic equations incorrectly as x =
VA2 y =252z, z = 26y, which al-
ready disagrees with the original exponents
%, %, i. It then performs a series of algebraic
manipulations on these wrong equations and
ultimately concludes |10g2(x4y3z2)| = 3, hence
m + n = 5, which is incorrect. At no point
does the model notice that it has altered the
problem or that the intermediate equalities are

incompatible.

Base model with teacher-solution prefix.
If we prepend a Qwen3-8B teacher’s solution
prefix containing 128 tokens (e.g., “Okay, so I
need to solve this system of logarithmic equa-
tions. Let me recall that logya = ¢ means
b® = a...”), the same student model now pro-
ceeds much more systematically. It correctly

3 = L= 21/2,
and analogously for y and z, avoids the earlier

converts log2<y%> = 3
exponent mistakes, and (after some algebra)

arrives at the correct value |log2(x4y322)’ =
%, m+n = 33.

12

Student after prefix distillation. After on-
policy prefix distillation, the student no longer
requires an explicit teacher-solution prefix to
benefit from the same reasoning pattern. When
prompted with the original question alone, it
immediately applies the key transformation
logy <y%) = logy x — log, y — log, 2, introduces
a = logyz, b = logyy, ¢ = log, 2z, and solves
the resulting 3 x 3 linear system via simple
eliminations. It then computes 4a + 3b + 2¢ to

obtain logy(z*y32%) = —2, takes the absolute

value, and returns m +n = 33. This indi-
cates that the distilled student has internalized
the teacher prefix’s problem-solving template
and can reproduce it reliably without external
scaffolding.

This example highlights that the teacher pre-
fix does not merely change the style of the so-
lution; it can qualitatively change the outcome
from a confident but incorrect derivation to
a correct one on the very same problem. For
the complete question and outputs from both
modes, please refer to following details.

Question

<|im_start|>user

Let $x,y$ and $z$ be positive real numbers that satisfy the

< following system of equationms:

\[\log_2\left({x \over yz}\right) = {1 \over 2}\1\[\log_2\left({y
< \over xz¥\right) = {1 \over 3N\]\[\log_2\left({z \over

—  xyMright) = {1 \over 4}\]

Then the value of $\left|\log_2(x"4y~3z"2)\right|$ is $\tfrac{m}{n}$
<+ where $m$ and $n$ are relatively prime positive integers. Find
< $m+n$.<|im_end|>

<|im_start|>assistant

Qwen3-8B-Base Response (Incorrect)

[ImpactedPrompt]From the given log equations, we can express $x,y$
< and $z$ in terms of each other:

$x = 27{1/4}yz$,

$y = 27{1/5}xz$,

$z = 27{1/6}xy$.

Substituting the expressions for $x$ and $z$ into the second

<> equation, we get:

$y = 27{1/5} \left(27{1/4}yz\right)x$,

which simplifies to:

$y = 27{5/20} yzx$.

Cancelling $y$ on both sides, we get:

$1 = 27{5/20} zx$.

Substituting the expression for $x$ into this equation, we get:
$1 = 27{5/20F\1left(2°{3/4}yz\right)z$,

which simplifies to:

$1 = 27{3/5} yz$.

Substituting the expression for $y$ into this equation, we get:
$1 = 27{3/5} \left(2"{1/5}xz\right)z$,

which simplifies to:

$1 = 27{2/3} xz$.

Again, substituting the expression for $x$ into this equation, we
— get:

$1 = 27{2/3\1left(2°{1/6}xy\right)z$,

which simplifies to:

$1 = 2°{1/5} xy$.

Using the original equation $x = 27{1/4}yz$, we can write:

$yz = 27°{3/5}$.
Similarly, using $y
$xz = 27{9/10}$,
and using $z = 27{1/6}xy$, we can write:

$xy = 27{6/10}$.

Multiplying these three equations together, we get:

$(xyz)~2 = 27{18/10} = 2°{9/5}$.

Taking the square root of both sides, we get:

$xyz = 27{9/10}$.

Finally, we want to find the value of

< $\leftl\log_2(x"4y~3z~2)\right|$. Since $x,y$ and $z$ are
< positive, we know that $\log_2(x"4y~3z"2)$ is positive, so we
<> can write:

2°{1/5}xz$, we can write:



$\log_2(x"4y~3z72) = 4\log_2(x) + 3\log_2(y) + 2\log_2(z)$.
Substituting the expressions for $x,y$ and $z$, we get:
$\log_2(x"4y~3z"2) = 4\log_2\left(2"{1/4}yz\right) +

—  3\log_2\left(27{1/5}xz\right) + 2\log_2\left(2"{1/6}xy\right)$.
Using the logarithm property $\log_b(a"c) = c\log_b(a)$, this
<> expression simplifies to:

$4\1left (\log_2(27{1/4}) + \log_2(y) + \log_2(z)\right) +

< 3\left(\log_2(27{1/56}) + \log_2(x) + \log_2(z)\right) +

—  2\left(\log_2(27{1/6}) + \log_2(x) + \log_2(y)\right)$,
which simplifies to:

$\frac{4}{4}X\log_2(yz) + \frac{3}{5}\log_2(xz) +

—  \frac{2}{6}\log_2(xy)$.

Substituting the expressions for $yz,xz$ and $xy$, this becomes:
$\frac{9}{6} + \frac{9}{10} + \frac{6}{10}$.

Combining the fractions, we get:

$\frac{3}{2}$.

Therefore, the value of $\left|\log_2(x"4y~3z"2)\right|$ is

—  $\frac{3}{2}$.

Therefore, the final answer is $3 + 2 = \boxed{5}$.[/ImpactedPrompt]

Prompt with Teacher Prefix (128
tokens)

<|im_start|>user

Let $x,y$ and $z$ be positive real numbers that satisfy the

< following system of equations:

\[\log_2\left({x \over yz}\right) = {1 \over 2}\1\[\log_2\left({y
— \over xzM\right) = {1 \over 3}\]\[\log_2\left({z \over

—  xyHright) = {1 \over 4}\]

Then the value of $\left|\log_2(x"4y~3z"2)\right|$ is $\tfrac{m}{n}$
< where $m$ and $n$ are relatively prime positive integers. Find
<> $m+n$.<|im_end|>

<|im_start|>assistant

<think>

Okay, so I need to solve this system of logarithmic equations and
< find the value of |log (xy®z?)|. Let me start by writing down

<> the given equations:
1. log (x/(yz)) = 1/2
2. log (y/(x2)) = 1/3
3. log (z/(xy)) = 1/4

Hmm, logarithms can sometimes be tricky, but maybe I can convert
<> them into exponential form to make it easier. Let me recall that
< log_b(a) = c means that b"c = a. So applying that

Qwen3-8B-Base Response with Teacher
Prefix (Correct)

to each equation:

1. 27(1/2) = x/(yz)
2. 27(1/3) = y/(x2)
3. 27(1/4) = z/(xy)

Okay, now I have three equations with variables x, y, and z. Maybe I
<> can express everything in terms of one variable. Let's see:

From equation 1:
V2 = x/(yz)
So, x = yz * V2

From equation 2:
27(1/3) = y/(x2)
So, y = xz * 27(1/3)

From equation 3:
27(1/4) = z/(xy)
So, z = xy * 27(1/4)

Now, I have expressions for x, y, and z in terms of the other
< variables. Maybe I can substitute one into another. Let's try
< substituting x from equation 1 into equation 2:

y = (yz * v2) * z x 27(1/3)
Wait, that seems a bit messy. Maybe there's a better way. Let's see:

I have:
X = yz
y = xz
z = Xy

* V2

* 27(1/3)

* 27(1/4)

Perhaps I can multiply all three equations together. Let's try:
xxy*z= (yz*xv2) * (xz *x 27(1/3)) * (xy * 27(1/4))
Simplify the right side:

=yz * V2 x xz * 27(1/3) * xy * 27(1/4)

= x?y?z? * ¥2 x 27(1/3) * 27(1/4)

Now, x * y * z = x2y?z? * v2 * 27(1/3) * 2°(1/4)

Wait, that seems off. Let's double-check:

Actually, when I multiplied the right side, I should have:

(yz * ¥2) * (xz * 2°(1/3)) * (xy * 2°(1/4)) = yz * v2 * xz * 2°(1/3)
> * xy * 27(1/4)
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But x, y, z are on both sides, so perhaps I can cancel them out.
<~ Let's see:

Divide both sides by x * y * z:

1= v2 % 27(1/3) * 27(1/4)

Now, let's simplify the right side:
v2 = 27(1/2)

So, 27(1/2) * 27(1/3) * 27(1/4) = 27((1/2) + (1/3) + (1/4))

Find a common denominator for the exponents: 2, 3, and 4 have a

< least common multiple of 12.
So, (1/2) = 6/12, (1/3) = 4/12, (1/4) = 3/12
Therefore, (1/2) + (1/3) + (1/4) = 6/12 + 4/12 + 3/12 = 13/12

So, 27((1/2) + (1/3) + (1/4)) = 27(13/12)
Thus, we have:
1= 27(13/12)

But 27(13/12) is not equal to 1. This suggests that there might be
<+ an error in my calculations.

Let me revisit the multiplication step. Maybe I made a mistake
<~ there.

Original multiplied equation:
xxy*xz=(yz*v2) x (xz x 27(1/3)) * (xy * 27(1/4))

Let's simplify the right side correctly:

(yz * v2) * (xz * 27(1/3)) * (xy * 27(1/4)) = yz * v2 * xz * 27(1/3)
— *x xy * 27(1/4)

Now, group like terms:

=(y*xzxx*xz*x*y) *x (V2 x 27°(1/3) * 2°(1/4))
= (x?y?z?) * (27(1/2) * 27(1/3) * 27(1/4))

Now, divide both sides by x * y * z:

1= (x?y?2?) / (x * y *x z) *x (27(1/2) * 27(1/3) * 27(1/4))
=x*xy*zx*x (27(1/2) * 27(1/3) * 27(1/4))
So, 1 =x *xy %z % 2°(13/12)

Now, recall that x * y * z = (x * y * z) * 27(13/12)
This implies:

(x * y *x z) x 27(13/12) = 1

So, x x y * z =1/ 27(13/12)

Now, let's go back to the original expressions:

X = yz * V2
y = xz * 27(1/3)
z = xy * 27(1/4)

Let's express everything in terms of z.
From x = yz * V2, we can express y as:
y=x/ (z xv2)

From y = xz * 27(1/3), substitute y:

x / (z * ¥2) = xz * 27(1/3)
Multiply both sides by z * v2:
x = xz? * 27(1/3) * v2

Divide both sides by x (since x 0):
1 =22 % 27(1/3) * V2
So, z* =1/ (27(1/3) * v2)
Now, recall that x * y * z = 1 / 27(13/12)

We have z in terms of x and y, but it's getting complicated. Maybe
< there's a better approach.

Let me consider the original equations again:

1. log (x/(yz)) = 1/2 x/(yz) = 27(1/2) x = yz * 27(1/2)
2. log (y/(x2)) = 1/3 y/(xz) = 2°(1/3) y = xz * 27°(1/3)
3. log (z/(xy)) = 1/4 z/(xy) = 27°(1/4) =z = xy * 27(1/4)

Let's multiply all three equations:

(x = yz x 27°(1/2)) * (y = xz * 27°(1/3)) * (z = xy * 27(1/4))

Simplify the right side:



Now, compute |log (xy®z?)|:
yz * 2°(1/2) * xz * 2°(1/3) * xy * 2°(1/4) = x*y?z* * 2°((1/2) +

—  (1/3) + (1/4)) llog (1 / 27(75/24))| = | - (75/24) | = 75/24
So, x *x y * z = xy?z? x 27(13/12) Simplify 75/24:

Divide both sides by x * y * z: Divide numerator and denominator by 3: 25/8
1=xx%yx*zx*x 2(13/12) So, llog (xy®z?)| = 25/8

Thus, x * y * z = 1 / 27(13/12) Thus, m = 25, n = 8, and m + n = 33

Now, let's find x * y * z in another way. From the first equation: \boxed{33}

X = yz * V2

Qwen3-8B-Base after Prefix On-policy
v yzeyzel2eys xeyseyu ez xeya evasye x- Distillation (Correct) with the Original
vz 2 Question

Wait, that brings us back to the original equation. Maybe I should Okay, so I need to solve this system of logarithmic equations and
< use the expressions differently. < find the value of |log (xy®z?)|. The problem gives me three
<> equations involving logs with base 2 of ratios of x, y, and z.
<> Let me write them down again to make sure I have them right:

Multiply both sides by yz:

Let me try to express x, y, z in terms of one variable. Let's assume
< z = k, where k is a positive real number.

1. log (x/(yz)) = 1/2
Then, from the third equation: 2. log (y/(xz)) = 1/3

3. log (z/(xy)) = 1/4
z=xy * 2°(1/4) k =xy * 2°(1/4) =xy =k / 2°(1/4)
And then I need to find |log (x y®z?)|, which simplifies to |4 logx +
< 3 logy + 2 logz|. But maybe there's a better way to approach
< this. Let me think.

From the second equation:

y =xz * 27°(1/3) y = xk * 27(1/3)

First, I remember that log_b(a/c) is equal to log_b(a) - log_b(c).
<> Maybe I can rewrite each equation using that property. Let me
< try that.

Now, substitute y into the expression for xy:

x * (xk * 27(1/3)) =k / 27(1/4) x*k * 27(1/3) =k / 2°(1/4)

- . . Starting with the first equation:
Divide both sides by k (since k 0):

X* % 2°(1/3) = 1 / 2°(1/4) log (x/(yz)) = logx - log (yz) = logx - logy - logz = 1/2.

Similarly for th d tion:
Multiply both sides by 27(1/4): imilarly tor the second equation

Xk 2°(1/3) * 2°(1/8) = 1 x* % 2°((1/3) + (1/4)) = 1 log (y/(x2)) = logy - log (x2) = logy - logx - logz = 1/3.

Third ti H
(1/3) + (1/8) = 4/12 + 3/12 = 7/12 xd equation

So, x? * 2°(7/12) =1 x* =1/ 2°(T/12) x =1/ 2-(7/28) log (2/(xy)) = logz - log (xy) = logz - logx - logy = 1/4.

: . ~ So now I have three equations:
Now, find y using y = xk * 2°(1/3):

1.1 -1 -1 =1/2
¥ = (1 /2°(7/29) % k % 2°(1/3) = k x 2°((1/3) - (7/24)) = k * 2. legx + logy - logz = i/s
— 27((8/24) - (7/24)) = k * 27(1/24) 3. -logx - logy + logz = 1/4
Now, find x * y * z: Hmm, this looks like a system of linear equations in terms of logx,
< logy, and logz. Let me denote them as variables for simplicity.

xkykz=(1/2°(7/28)) % (k % 2°(1/24)) * k = k? * 2-((1/24) - oy
< (7/24)) = k* * 27(-6/24) = k* * 2°(-1/4) ’
But earlier, we found that x * y * z = 1 / 27(13/12) a = logx,
So, k* * 2°(-1/4) = 1 / 2°(13/12) b = logy,

c = logz.

Divide both sides by 27(-1/4):
K2 =1/ (27(13/12) * 2°(-1/8)) = 1 / 2-((13/12) - (1/4)) = 1 / Then the equations becone:
O 27((3/12) - (3/12)) = 1 / 27(10/12) = 1 / 2-(5/6) a1/

Thus, k* = 1 / 2°(5/6) k =1/ 2°(5/12) 2. -a+b-c=1/3

Now, recall that z =k =1 / 27°(5/12) 3. -a-b+c=1/4

o can find x and y as well: So now I have three equations with three variables. Let me write
x =1/ 2°(7/24) < them again:

E ti 1: - b - =1/2
y =k * 27(1/24) = (1 / 27(5/12)) * 27(1/24) = 27 ((1/24) - (5/12)) = quation a c /
T - 1072a) = 21(9/24) = 27(8/8) Equation 2: -a + b - ¢ = 1/3

Now, we need to find |log (x y*z2)| Equation 3: -a - b + ¢ = 1/4

First, compute xy’z*: I need to solve for a, b, c. Let me try to solve this system step by
— tep.

x = (1/2°(7/28))°4 = 1 / 2°(28/24) = 1 / 2°(7/6) step
First, maybe I can add equations together to eliminate variables.

y* = (27(-3/8))"3 = 27(-9/8) <5 Let me see.

z? = (1 /2°(5/12))72 = 1 / 27(10/12) = 1 / 27(5/6) Let me try adding equations 1 and 2:
So, xy®z? = (1 / 27°(7/6))

* 27(-9/8) * (1 / 27°(5/6)) =1 / (27(7/6)
— * 27(5/6) * 27(9/8)) =1/

(
(27((7/6) + (5/6) + (9/8)))

Equation 1 + Equation 2:

. . (a-b-c¢)+(-a+b-2c)=1/2 + 1/3
Find a common denominator for the exponents: 6 and 8 have a least

<> common multiple of 24. Simplify left side: a - a-b+b-c-c=-2

So, (7/6) = 28/24, (5/6) = 20/24, (9/8) = 27/24 Right side: 1/2 + 1/3 = 3/6 + 2/6 = 5/6

Thus, (7/6) + (5/6) + (9/8) = (28/24) + (20/24) + (27/24) = 75/24 So -2¢ = 5/6 => ¢ = -5/12.

So, xy®z? =1 / 2°(75/24) Okay, so ¢ = -5/12.
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Now let me use equation 1 and equation find another variable.

Wait, equation 1: a - b - ¢ = 1/2
Equation 3: -a - b + ¢ = 1/4

Let me add equations 1 and 3:
(@a-b-c)+(-a-b+c)=1/2+1/4

Left side simplifies: a - a-b-b-c+c=-2b
Right side: 1/2 + 1/4 = 3/4

So -2b = 3/4 => b = -3/8.
So b = -3/8.

Now, since we have ¢ and b, we can plug them back into one of the
< equations to solve for a.

Let me use equation 1:
a-b-c=1/2

So a - (-3/8) - (-5/12) = 1/2
Calculate:

a + 3/8 + 5/12 = 1/2

Convert to common denominators. Let me find the least common
< denominator for 8, 12, and 1. Which is 24.

So:

a + (9/24) + (10/24) = 12/24
So a + 19/24 = 12/24

Thus, a = 12/24 - 19/24 = -7/24.
-7/24.

So a =

So now we have:

a = logx = -7/24
b = logy = -3/8
c = logz = -5/12

Now, we need to compute |log (xy®z?)|. Let me express that in terms
<~ of a, b, c.

log (xy®z?) = 4 logx + 3 logy + 2 logz = 4a + 3b + 2c.
So let me compute that:

4a + 3b + 2c = 4x(-7/24) + 3%(-3/8) + 2%(-5/12)
Let me compute each term step by step.

First term: 4x(-7/24) = (-28)/24 = -7/6
Second term: 3%(-3/8) = -9/8
Third term: 2%(-5/12) = -10/12 = -5/6

Now adding them together: -7/6 - 9/8 - 5/6.

Let me convert all terms to sixteenths to add them. Wait, maybe
<~ better to find common denominator.

The denominators are 6, 8, 6. The least common denominator is 24.

Convert each term:

-7/6 = -28/24
-9/8 = -27/24
-5/6 = -20/24

So total is: -28/24 -27/24 -20/24 = (-28 -27 -20)/24 = (-75)/24.
Simplify -75/24. Divide numerator and denominator by 3: -25/8.
Therefore, log (xy®z?) = -25/8.

But the problem asks for |log (xy®z?)|, which is | -25/8 | = 25/8.
< Therefore, m/n is 25/8, and m + n is 25 + 8 = 33.

Wait, but let me check my calculations again because sometimes I
<> make arithmetic errors.

First, let me check the values of a, b, c again.
From earlier:

c =
—

-5/12. b = -3/8. a = -7/24. Let me check if they satisfy
equation 2 and equation 3.

15

Let me check equation 2: -a + b - ¢ = 1/3.

Plug in a = -7/24, b = -3/8, c = -5/12.
Compute -a = 7/24, b = -3/8, -c = 5/12.
So sum: 7/24 - 3/8 + 5/12.

Convert all to 24 denominator:

7/24 - 9/24 + 10/24 = (7 - 9 + 10)/24 = 8/24 = 1/3. Correct!

Equation 3: -a - b + ¢ = 1/4.
Plug in:
-a = 7/24, -b = 3/8, ¢ = -5/12.

So sum: 7/24 + 3/8 - 5/12.

Convert to 24 denominator:

7/24 + 9/24 - 10/24 = (7 + 9 - 10)/24 = 6/24 = 1/4. Correct!
Okay, so the values of a, b, c are correct.

Now, compute 4a + 3b + 2c:
4%(-7/24) + 3%(-3/8) + 2x(-5/12) = -28/24 - 9/8 - 5/6.

Convert all to 24 denominator:

-28/24 - 27/24 - 20/24 = (-28 - 27 - 20)/24 = -75/24. Simplify:

< divide numerator and denominator by 3: -25/8. So log (xy®z?) =
< =-25/8. Then absolute value is 25/8. So m/n is 25/8, which is

< already in simplest terms since 25 and 8 are coprime. Therefore,
<~ m+n=25+8=33.

But let me check again the calculation steps.
First, 4a: 4x(-7/24) = -7/6. Correct.
Then 3b: 3%(-3/8) = -9/8. Correct.
Then 2c: 2%(-5/12) = -10/12 = -5/6. Correct.

Adding them:

-7/6 - 9/8 - 5/6.

Convert to eighths? Let me convert each term:

-7/6 is -28/24, -9/8 is -27/24, -5/6 is -20/24. Adding gives -75/24.
Yes, which is -25/8. So 25/8. So absolute value is 25/8.

So the answer is 25/8, m + n is 33. Wait, but let me check if I did

< the problem correctly. Wait, the problem says to compute the

<> absolute value. So the value is negative, but the absolute value
< 1is positive.

But maybe I made a mistake in the sign? Wait, let's check the

< original problem.

The question is |log (xy®z?)|. So if log (xy®z?) is negative, then
< the absolute value is positive. So 25/8.

Alternatively, maybe my calculation of the coefficients is wrong.
< Let me check again:

The expression to compute is log (x y®z?). Which is logx + logy® +
— logz? = 4 logx + 3 logy + 2 logz. Yes, that is correct.

So 4a + 3b + 2c is -25/8, so absolute value is 25/8.

Wait, but let me check if there's a miscalculation in the addition
< of fractions.

Let me do it again step by step:

First term: 4a = 4%(-7/24) = -28/24. Simplify to -7/6.
Second term: 3b = 3%(-3/8) = -9/8.
Third term: 2c = 2x(-5/12) = -10/12 = -5/6.

So sum is (-7/6) + (-9/8) + (-5/6).
Combine the first and third terms:
(-7/6 -5/6) = -12/6 = -2. Then add -9/8.
So -2 - 9/8 = -16/8 - 9/8 = -25/8. Correct.

Therefore, that is correct. So the absolute value is 25/8.

Therefore, the answer is 25/8, so m=25, n=8, m + n = 33.

But let me check if the problem says positive real numbers. Since x,
< y, z are positive, all the logs are defined. So that's okay.

Alternatively, maybe there's a mistake in my equations setup. Let me
< check the original equations again.



Original equations:

1. log (x/(yz)) = 1/2

Which is logx - logy - logz = 1/2. Correct.

Similarly for others. So equations are correct.

Therefore, the answer should be 25/8.

Wait, but the problem says "the value of |log (xy®z?)| is m/n". So
< my conclusion is that m/n is 25/8, so m + n is 33. But let me
<> check once more with another approach. Maybe I can compute x, y,
< z directly?

Wait, but that might take longer. Let me try.

Let me express x, y, z in terms of exponents. Let me recall that if
< logx = a, then x = 27a, similarly for y and z. So:

x = 2°{-7/24}, y = 2°{-3/8}, z = 2°{-5/12}
Then xy®z? = 27{4a + 3b + 2c}

But we already found that 4a + 3b + 2c = -25/8. Therefore,
— log (xy®z?) = -25/8, so absolute value is 25/8.

Therefore, the answer is 25/8.

Alternatively, maybe I can compute x y*z?? Let me check:
x = (27{-7/24}) = 27{-28/24} = 2°{-7/6}
y* = (27{-3/8})* = 27{-9/8}

z? = (2°{-5/12})* = 27{-10/12} = 27{-5/6}
Multiply them together:
2°{-7/6} * 27{-9/8} * 2°{-5/6} = 27{-7/6 -9/8 -5/6}
Compute the exponents:

Convert to common denominator 24:

-7/6 = -28/24
-9/8 = -27/24
-5/6 = -20/24

Total exponent: -28 -27 -20 = -75/24 = -25/8. So log (xy*z?) =
< -25/8. Therefore, absolute value is 25/8.

Therefore, I think my answer is correct. So 25 + 8 = 33. Therefore,
< the answer is 33.

Wait, but let me check once more for possible errors in the
< equations. Let me verify equations with the values of a, b, c.

Equation 1: a - b - ¢ = -7/24 - (-3/8) - (-5/12) =
— 5/12.

-7/24 + 3/8 +

Convert to 24 denominator:

-7/24 + 9/24 + 10/24 = (-7 + 9 + 10)/24 = 12/24 = 1/2. Correct.
Equation 2: -a + b - ¢ = 7/24 - 3/8 - (-5/12) = 7/24 - 3/8 + 5/12.
Convert:

7/24 - 9/24 + 10/24 = (7 - 9 + 10)/24 = 8/24 = 1/3. Correct.

Equation 3: -a - b + ¢ = 7/24 + 3/8 -5/12 = 7/24 + 9/24 - 10/24 = (7
— + 9 - 10)/24 = 6/24 = 1/4. Correct.

Therefore, equations are satisfied. Therefore, the calculations are
> correct.

Therefore, the answer is 25/8, so m + n is 33.

**Final Answer
\boxed{33}

B FLOP Calculation Details

We refer to VERL (Sheng et al., 2024) im-

plementation for Qwen3 models to calculate

training flop given a text sequence, which in-
cludes forward, backward and gradient updates.

10 Then we did an approximation of 1/3

We did a modification to remove delta time
deviding in order to calculate the cumulative
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OPD (Prefix=1024)

36.0%
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Learning rate

Ir = 5e-06
—a— Ir = 2e-05
—a— Ir = 5e-05 (Optimal)
—e— Ir = 2e-04

20 30
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40 50 60

Figure 7: The effect of learning rate on AIME-24
during the training of on-policy prefix distillation
on OpenThoughts3. The student is Qwen3-8B-Base
and the teacher is Qwen3-8B.

of the above training flop for on-policy roll-
out sampling and log prob calculation for the
teacher and the student. In total, let x be
the training flop for the student and y for
the teacher, the flop for each rollout during
on-policy distillation training approximately
equals to 1/3-2+1/3-2+1/3 -y + = which
represent as flop of rollout generation, student
log prob, teacher log prob and training.

C Effect of Learning Rate

We did learning rate sweep for prefix OPD.
As shown in Figure 7, the performances dif-
fer significantly with different learning rates.
In consistent with Lu and Lab (2025), 5e-5
turns out to be the optimal learning rate with
batchsize 512 in our experiment setting.

Prior work reports that small learning rates
can mitigate catastrophic forgetting in SFT
and lead to better generalize on out-of-domain
data (Pareja et al., 2024; Lin et al., 2025). To
further evaluate the generalization ability on
out-of-domain benchmarks, we control the in-
domain performance by selecting checkpoints
from different learning rates where accuracies
on AIME-24 are similar. In our experiments,
we select checkpoints from 10-th step where
learning rates are 5e-5 and 2e-5, the checkpoint
from 50-th step where the learning rate is 5e-
6. 11
Finding 5: Learning rate does not affect
significantly on generalization capability
for prefix on-policy distillation. Results
flop  https://github.com/volcengine/verl/blob/
c936ec7db5cebcc1d40£50296d28699696fbad6f5/verl/
utils/flops_counter.py#L131

"We did not compare with learning rate 2e-4 as the

learning rate is too large and dramatically hurt the
model’s performance.


https://github.com/volcengine/verl/blob/c936ec7d5cebcc1d40f50296d28699696fbad6f5/verl/utils/flops_counter.py#L131
https://github.com/volcengine/verl/blob/c936ec7d5cebcc1d40f50296d28699696fbad6f5/verl/utils/flops_counter.py#L131
https://github.com/volcengine/verl/blob/c936ec7d5cebcc1d40f50296d28699696fbad6f5/verl/utils/flops_counter.py#L131

are shown in Table 4. We did not observe out-
of-domain performance decrease when using a
large learning rate, e.g. 5e-5, in comparison to
a smaller learning rate of 2e-5 or 5e-6. We leave
extensive analysis on a grid search of learning
rate, learning rate scheduling, step size, batch
size and prefix length as a future work.

AIME-24 | MMLU-Pro | GPQA
(control)
Step 0 5.2% %.5% | 17.6%
Ir=>5e-5, step 10 26.3% 55.0% | 27.9%
Ir=2e-5, step 10 25.0% 49.3% 26.6%
Ir=>5e-6, step 50 25.2% 47.8% 26.6%

Table 4: Effect of learning rate on generalization
capability. We report validation performance after
60 steps of OPD (Prefix=1024) on OpenThoughts3,
using Qwen3-8B-Base as the student and Qwen3-
8B as the teacher.

Problem ID | Number of Solutions
1 2
. 2 6
D Early Stop with Dev 3 5
. . . . 4 2
Following tables contain the detailed informa- 5 7
tion of which checkpoints we used for testing. 6 7
We use AIME-24 as the development set and g 1§
then test on the rest of the benchmarks. 9 9
10 8
Prefix length Checkpoint for testing 11 2
256 Step 20 12 3
512 Step 60 13 4
1024 Step 60 14 10
2048 Step 40 15 6
Prefix scheduling Step 60 Average !
Full Step 50
. . . Table 7: Number of solutions for each
gable 5: t(ﬁhe(;kl()ionlts for testing with Qwen3-1.7B- question in  AIME-2024 from AoPS fo-
ase as the student. rum https://artofproblemsolving.com/
wiki/index.php?title=2024_AIME_I
Prefix length Checkpoint for testing
256 Step 60
512 Step 50
1024 Step 40
2048 Step 60
Prefix scheduling Step 60
Full Step 60

Table 6: Checkpoints for testing with Qwen3-8B-
Base as the student.

E Number of Solutions for
AIME-2024
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