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Abstract

Training student models on synthetic data gen-
erated by strong teacher models is a promis-
ing way to distilling the capabilities of teach-
ers. However, recent studies show that stronger
models are not always optimal teachers, reveal-
ing a mismatch between teacher outputs and
student learnability. To address this issue, we
propose PerSyn (Personalized data Synthesis),
a novel synthesis strategy that operates under a
new “Route then Generate” paradigm to create
data tailored to each student model, enabling it
to learn more effectively. Specifically, PerSyn
first assigns each prompt to its optimal teacher
via a query-level router that jointly considers
student learnability and teacher response qual-
ity. Each teacher then synthesizes data only
for its assigned prompts, making the process
more efficient than the conventional “Gener-
ate then Select” paradigm, where all teachers
must generate parallel responses for the entire
prompt set before constructing the final dataset.
Extensive experiments across different model
families and scales demonstrate that PerSyn
consistently achieves superior or comparable
performance to all baselines in instruct tuning
and math reasoning settings. Further analysis
verifies the effectiveness of PerSyn and offers
extra insights to propel future research.

1 Introduction

Large Language Models (LLMs) have demon-
strated outstanding performance across a wide
range of applications, such as reasoning (Li et al.,
2025c; Ren et al., 2025; Yu et al., 2025; Liang et al.,
2026), multilingualism (Gurgurov et al., 2024;
Zhang et al., 2024a; Qin et al., 2025), and other spe-
cialized domains (Yang et al., 2024b; Zhang et al.,
2024b; Zhao et al., 2024; Chang et al., 2025). How-
ever, the high computational cost of LLMs hinders
their deployment on resource-constrained devices,

* Equal contribution.
T Corresponding author.

Strong Mix CAR PerSyn
Quality v X v v
Learnability X v v v
Efficiency X X X v
Sample Level X X X v

Table 1: Compared to existing methods, PerSyn can
efficiently assigns each prompt to the optimal teacher
by jointly considering both teacher quality and student
learnability. “Sample Level” indicates whether each
prompt is assigned to the optimal teacher. Strong uses
the strongest model as teacher, Mix combines synthetic
data from strong and weak teachers, and CAR selects a
single teacher balancing quality and compatibility.

motivating the development of smaller models that
offer similar capabilities at reduced cost. A com-
mon strategy to achieve this is distillation (Hinton
et al., 2015; Kim et al., 2024a; Wang et al., 2025a),
which leverages the synthetic data generated by a
strong teacher model to fine-tune a small student
model. They assume that stronger teacher will pro-
duce higher-quality synthetic data, which in turn
enables the student model to learn more effectively.

Nevertheless, some works (Xu et al., 2025b; Li
et al., 2025b) demonstrate that stronger models are
not always the optimal teachers for small student
models, since their outputs may be overly complex
and shift away from the students’ distribution. To
mitigate this issue, Li et al. (2025b) mixed the syn-
thetic data from strong and weak models (Mix). Xu
et al. (2025b) designed a Compatibility-Adjusted
Reward (CAR) metric to select a single appropri-
ate teacher model from a pool of teacher models
for specific student. Despite these efforts, two crit-
ical limitations remain, as shown in Table 1: 1)
These methods are not efficient enough. Specif-
ically, Strong refers to using a super-sized LLM
for distillation, but often yields sub-optimal perfor-
mance with high computational cost. Mix and CAR
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follow the “Generate then Select” paradigm, which
requires parallel teacher responses!, thereby all can-
didate teacher models must generate responses for
the entire prompt set before constructing the final
synthetic dataset. Notably, the cost scales linearly
with the teacher model pool size; 2) These methods
also overlook that each prompt within the dataset
has its corresponding optimal teacher for synthesiz-
ing responses, thereby making the synthetic dataset
sub-optimal for student.

To address these limitations, we propose PerSyn
(Personalized data Synthesis), a novel synthesis
strategy that customizes a synthetic dataset for a
specific student model to help it learn more ef-
fectively. Specifically, unlike the “Generate then
Select” paradigm, our method operates in a more
efficient manner, i.e, “Route then Generate”, which
first assigns each prompt to its corresponding opti-
mal teacher model, and then the teacher only needs
to synthesize the assigned prompts. The assign-
ing process is achieved by a router-guided mech-
anism with considering both the student model’s
learnability and teacher model’s response quality.
Moreover, further analysis reveals that over 95%
of prompts are routed to smaller teacher models
(unlike the Strong baseline, which relies on a single
super-sized LLM for all prompts), leading to more
efficient synthesis.

To summarize, our contributions are as follows:

1) To construct personalized synthetic dataset
for specific student model, we propose PerSyn,
an efficient strategy that transfers the synthesis
paradigm from “Generate then Select” to a more
efficient manner “Route then Generate”. In this
paradigm, each prompt is first routed to its opti-
mal teacher based on both learnability and quality,
and each teacher model is then responsible only for
synthesizing the prompts assigned to it.

2) Extensive experiments validate the effec-
tiveness of PerSyn across different model families
and scales in two common distillation settings (e.g.,
8.7% on IFEval, and 7.5% on MATH). We also
construct a math synthetic dataset PerSyn-Math,
which includes parallel responses from 15 teacher
models to facilitate future research.

3) Further analysis offer valuable insights into
the routing behavior of PerSyn. For example, both
quality and learnability are important in PerSyn,
with quality playing a more critical role.

'In this paper, parallel teacher responses denote the re-
sponses generated by all teacher models for a given prompt.

2 PerSyn

In this section, we first present the criterion used
by PerSyn to find the optimal teacher model for
each prompt (§2.1). Next, we describe how PerSyn
transfers the “Generate then Select” paradigm to
the more efficient “Route then Generate” paradigm
with a router, and how the resulting synthetic data is
used to train the student model (§2.2). Finally, we
illustrate how the PerSyn router is obtained (§2.3).
Fig. 1 shows the overview of PerSyn strategy.

2.1 Finding the Optimal Teacher

Given a prompt x;, a straightforward way to se-
lect the optimal teacher’s response for a student
model 6 is the “Generate then Select” paradigm.
This approach first lets all teacher models M =
{M1, Ma, ..., M} generate parallel responses
Y, = {ylMl,yZM?, .. ,ylM"} for x; (where ylM”
is the response from M,,), and then selects the
optimal response for the student model 6 from ;.

To identify the optimal response, we evaluate
each ylM" using two complementary reward. The
first is the learnability reward, which measures how
easily the student model 6 can learn from yM”
Responses that are too difficult for 6, i.e., have a
large learnability gap, tend to make learning in-
efficient (Li et al., 2025b; Xu et al., 2025b). We
compute the learnability reward r; (yM” 0) using
the student’s self-derived log-likelihood:

M
ly; "

Z log p7r

My (<t)
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where log p, (yn ‘ Y, ,@;) is the proba-
b111ty assigned by the student to the ¢-th token of

", given its preceding tokens and the prompt ;.
Intultlvely, a higher r; (yM" 6) indicates that yZM”
aligns well with the student’s existing knowledge
and capabilities, therefore is more learnable.

| Mn

However, learnability alone is insufficient. For
instance, a response may be highly learnable yet
trivial or low-quality, offering little benefit to the
student. To account for this, we introduce a quality
reward rq(yZM”), estimated by a reward model,
where larger values indicate higher quality.

The overall reward of y,'LM" for @ is then com-
puted as a weighted combination of two aspects:

r(y; ", 0) = (1= a)rq(y]™) + ary(y"".0),
2

where « balances the contribution of learnability
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Figure 1: Overview of the two paradigm for obtaining a personalized synthetic dataset. The left part illustrates
how we select optimal teacher response for each prompt using the proposed criterion. This process follows the
conventional “Generate then Select” approach, which requires parallel teacher responses for the entire prompt set
(§2.1). In contrast, PerSyn adopts a more efficient “Route then Generate” paradigm: it first routes each prompt to an
optimal teacher based on learnability and quality via a router-guided mechanism, and teachers generate responses
only for their assigned prompts (§2.2). Details of router training are described in §2.3.

and quality rewards.? Finally, the teacher model
corresponding to the response with the highest
7(Yn, 0) is selected as optimal.

2.2 Transfer Paradigm via PerSyn Router

However, the “Generate then Select” paradigm is
inefficient. For example, synthesizing a dataset
of 100K prompts with 20 teacher models would
require 2,000K total generations, which is costly
and impractical. To address this, we introduce
PerSyn router, which transfers the paradigm to
a more efficient “Route then Generate” manner:
each prompt is first routed to its optimal teacher,
and each teacher generates responses only for the
prompts assigned to it (Fig. 1 illustrates the com-
parison between the two paradigms).

More specifically, under the paradigm of “Route
then Generate”, suppose we have a prompt set
X = {x1,29,..., 710} and a teacher model set
M = { My, Ma, M3}, the PerSyn router will first
assigns each prompt to its optimal teacher. For
example, M is assigned Xpn, = {x1, 23,25},
My is assigned Xpnq, = {wz2,74,27}, and M3
is assigned Xp; = {xs5,26,79,710}. Each

2Both rewards are normalized across teacher models before
combination.

teacher M; then generates responses only for its
assigned subset X'pq, to obtain Dy, (€.8., D, =
{(x27y2/vl2)7($47yzjlw2)>(x7ayéw2)})' The final
synthetic dataset is D = {D Mi}|'/:v11|. The student
model is then trained via supervised fine-tuning
(SFT) using the synthetic dataset D, where the loss
is computed only on the response tokens.

2.3 Obtaining PerSyn Router

Formally, given a prompt x, the PerSyn router 7
outputs a score vector o = m(x) € RMI, which
reflects the student model ’s learning preferences
over the teacher model set M. Each component
o; represents the latent preference score (i.e., logit)
assigned to teacher model M; for prompt x. Im-
portantly, o is not a normalized probability distri-
bution; rather, it is an unnormalized score vector
whose values vary across prompts, capturing the in-
tuition that different teachers may excel at different
queries.

To model the student’s learning preferences, we
adopt the Bradley-Terry (BT) model (Bradley and
Terry, 1952). Given a comparison between two
teacher models A and B, we first consider their
latent preference scores produced by the router.
To decide which teacher is preferred, we need to
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convert the difference between these two scores
into a probability P(B > A | z). The BT model
provides a natural way to do this by defining the
pairwise preference probability as the sigmoid of
the score difference, which maps it into the [0, 1]
range. Formally, the probability that B is preferred
over A is defined as:

P(C=B>A|Z=2X=x1)=o0(z"n(z)),
3)

where z is a ‘two-hot’ encoding of the model com-
parison pair (A, B), i.e., a vector of length | M|
with +1 at the index of B, —1 at the index of A,
and zeros elsewhere. Here, o denotes the sigmoid
function. The label C' = 1 indicates that B is
preferred over A, and C' = 0 otherwise. Thus,
o(z"(x)) gives the probability of model B being
favored over model A for student 7 on prompt .

To construct the pairwise preference dataset
K ={(X,Z,0)}Y,, we first sample a small sub-
set of prompts Ay, C X, and query all teacher
models M to obtain their parallel responses, form-
ing Pgyp. Each response is then scored using the
reward metric defined in Eq. 2 (see §2.1), which
allows us to derive exact teacher rankings and sub-
sequently generate pairwise comparisons (See Ap-
pendix A.2 for more details about the pairwise
dataset construction).

Finally, given pairwise learning preference
dataset KC, the PerSyn router is learned by mini-
mizing:

N
P argmin% ; Lo(ZT7(X),Ch). ()

where £ denotes the binary cross-entropy loss com-
puted between the predicted pairwise preference
probability o(Z,” 7(X;)) and the ground-truth la-
bel C;. By default, we instantiate the PerSyn router
on top of Qwen2.5-1.5B, as supported by the exper-
iments in §3.3. Specifically, we remove the original
language modeling head and replace it with a new
coefficient head. In the BT setting, this coefficient
head is implemented as a linear layer whose output
dimension equals the number of teacher models.
Note that for each student model, a separate router
is needed for each setting.

3 Experiments

In this section, we conduct experiments on two
common distillation settings, instruction tuning and
math reasoning, to validate the effectiveness of our
PerSyn strategy.

3.1 Experiment Settings

Datasets. To obtain the synthetic dataset for train-
ing the student model in both settings, we pro-
ceed as follows. For instruction tuning, we ran-
domly sample 50K prompts from the Magpie-
100K-Generator-Zoo (Magpie-Zoo)> to construct
the training dataset. The distilled student mod-
els are evaluated on TruthfulQA (Lin et al., 2022),
LiveBench (White et al., 2025), and IFEval (Zhou
et al., 2023). For mathematical reasoning, we con-
struct a dataset with parallel teacher responses, de-
noted PerSyn-Math, by randomly sampling 10K
queries from OpenR1-Math-220K* as seed data
and distilling responses from 15 teacher models.
This dataset is then used to build the synthetic
training dataset for student models.’ The result-
ing student models are evaluated on SVAMP (Patel
etal., 2021), MATH (Hendrycks et al., 2021), and
GSMSK (Cobbe et al., 2021). Additional details
about datasets and evaluation can be found in Ap-
pendix A.3. To obtain the PerSyn router, we con-
struct parallel teacher responses for 2.5K prompts
in both settings to build pairwise preference data.

Student models. In our main experiments, we
employ five student models from Qwen2.5 (Yang
et al., 2024¢), Gemma-2 (Team et al., 2024), and
Llama-3.2 (Meta, 2024) model families, which
are Qwen2.5-0.5B, Qwen2.5-1.5B, Gemma-2-2B,
Qwen2.5-3B, and Llama-3.2-3B.

Teacher models. We consider teacher models of
various sizes and families for distillation in two
settings. Specifically, in the instruction tuning, we
employ 19 teacher models from Qwen2 (Team,
2024), Qwen2.5 (Yang et al., 2024c), Llama-
3/3.1 (Dubey et al., 2024), Gemma-2 (Team et al.,
2024), and Phi-3 (Abdin et al., 2024) model fam-
ilies. For math reasoning, we employ 15 teacher
models from Mistral (Jiang et al., 2023), Gemma-
2 (Team et al., 2024), Llama-3.1/3.3 (Dubey et al.,
2024), Qwen2.5 (Yang et al., 2024c), Qwen2.5-
Math (Yang et al., 2024a), Qwen3 (Yang et al.,
2025a), and DeepSeek-R1 (Guo et al., 2025) model
families. An overview of the teacher models for

3https://huggingface.co/datasets/Magpie-Align/
Magpie-100K-Generator-Zoo

4https: //huggingface.co/datasets/open-ri1/
OpenR1-Math-220k

>In the instruction-tuning setting, Magpie-Zoo already pro-
vides parallel teacher responses for each prompt.

As shown in §3.3, 2.5K samples with parallel teacher

responses are sufficient to obtain a well-performing PerSyn
router.
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Student Model Strategy IFEval TruthfulQA LiveBench GSMS8K MATH SVAMP Avg.
Strong 25.59 39.89 8.40 3037 1520 51.60 28.51
Mix 26.06 40.54 8.10 33.83 2060 5540 30.75
Qwen2.5-0.5B  Family-Strong  26.75 41.43 8.60 3562 2280 57.00 32.03
CAR 27.11 41.85 9.00 3676 2400 5790 32.77
PerSyn (Ours)  28.73 43.01 9.80 3825 2560 59.40 34.13
Strong 31.52 49.04 12.80 64.83 4420 7850 46.82
Mix 31.98 49.73 13.30 65.68 4580 8030 47.79
Qwen2.5-1.5B  Family-Strong  32.63 50.45 13.60 66.55 4740 8120 48.64
CAR 33.06 50.98 13.30 67.37 4860 8190 49.21
PerSyn (Ours)  34.15 52.22 14.80 68.81 5040 8340 50.63
Strong 28.84 40.17 10.30 2971 1420 4750 2845
Mix 29.39 40.83 10.90 31.66 1640 4940 29.76
Gemma-2-2B  Family-Strong  29.76 41.64 11.60 3043 1580  48.10 29.56
CAR 30.11 42.28 12.80 3325 1920 50.80 3141
PerSyn (Ours)  31.25 43.87 12.40 3557 2140 5260 32.85
Strong 40.61 51.21 19.10 7747 5640 8750 55.38
Mix 41.35 51.82 19.30 77.19 5580 8690 55.39
Qwen2.5-3B Family-Strong  42.44 53.37 20.40 7794  57.10 8830 56.59
CAR 43.03 53.81 20.90 7842 5810 8880 57.17
PerSyn (Ours)  44.16 55.14 22.30 79.09 5780  90.10 58.09
Strong 27.89 42.31 10.80 3459 2140 5220 31.37
Mix 29.78 43.56 12.00 3417 2050 5150 3175
Llama-3.2-3B  Family-Strong  28.25 42.63 11.10 3383 1950 50.80 30.85
CAR 30.53 44.32 11.80 3591 2280  53.60 32.99
PerSyn (Ours)  32.31 46.15 12.60 3815 2450 5530 34.81

Table 2: Results of baseline methods and our PerSyn strategy evaluated on six benchmarks with five student models
from different families. See §3.1 for details about the Strong, Mix, Family-Strong, and CAR baselines.

the two setting is presented in Table 11 of Ap-
pendix A.4.

Baselines. We compare our proposed PerSyn
against several baseline methods, all of which are
listed below. 1) Strong: a straightforward approach
that uses a single strongest LLM as the teacher to
synthesize data; 2) Mix: mix distillation (Li et al.,
2025b) that derives the synthetic dataset by mixing
responses from weak and strong teacher models;
3) Family-Strong: a potential baseline based on
the finding of (Xu et al., 2025b), which suggests
that learning from strong teacher model within the
same family as student model can improve distil-
lation effectiveness; 4) CAR: a metric proposed
by Xu et al. (2025b) that selects a single teacher
model which strikes a dedicate balance between
response quality and compatibility. The specific
teacher models used by the baselines for each stu-
dent model in different tasks are shown in Table 6
and Table 7 of appendix A.1.

Implementation. We train the student models us-
ing the LLaMA-Factory (Zheng et al., 2024) frame-
work. Student models up to 14B parameters are
trained with full-parameter fine-tuning, while those
larger than 14B are fine-tuned with LoRA. For in-
struction tuning, we employ the state-of-the-art re-
ward model Skywork-Reward-Llama-3.1-8B from
RewardBench (Lambert et al., 2025) to obtain the

quality rewards.” We also conduct additional exper-
iments to study the impact of weak versus strong
reward models. See Appendix A.1 for details about
training setup and reward models experiments.

3.2 Performance of PerSyn

Table 2 reports the results of baselines and our pro-
posed PerSyn strategy across different benchmarks
and student models. The results demonstrate that
PerSyn consistently outperforms all baselines in
both instruction tuning and math reasoning settings.
For instance, on Qwen2.5-3B, PerSyn surpasses
the Strong baseline by 2.9%, 7.6%, and 8.7% on
SVAMP, TruthfulQA, and IFEval, respectively, in-
dicating that the strongest model is not always the
best teacher for small student models. Relative to
the strong baseline CAR on Llama-3.2-3B, PerSyn
achieves gains of 4.1% on TruthfulQA, 5.8% on
IFEval, and a more substantial 7.5% on MATH.
Based on these observations, we conclude that:

Finding 1. PerSyn, by jointly considering
both learnability and quality to find the op-
timal teacher for each prompt tailored to
the student model, leads to more effective
student learning.

"In the math reasoning setting, the quality reward is binary:
1 for correct answers and O for incorrect ones.
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3.3 Further Analysis
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Figure 2: Average results of the ablation studies on Per-
Syn across all benchmarks. “w/0” denotes the exclusion
of a specific reward term from PerSyn when assigning
prompts to teachers.

Ablation Study of PerSyn We conduct ablation
studies to examine the roles of learnability and
quality within PerSyn. Specifically, we evaluate
the performance of PerSyn when either learnability
or quality is excluded. As shown in Fig. 2, the
results demonstrate consistent performance drops
for both “PerSyn w/o Learnability” and “PerSyn
w/o Quality” across all student models. Moreover,
the performance degradation is more pronounced
when quality is excluded, suggesting that relying
solely on high-learnability data, i.e., knowledge
that is easy for the student to absorb, offers limited
improvement. These observations indicate that:

Finding 2. Jointly considering both learn-
ability and quality yields better perfor-
mance than considering either alone, with
quality playing a more critical role than
learnability in PerSyn.

PerSyn on Larger Model Scales Having verified
the effectiveness of PerSyn on small student mod-
els, we further evaluate its generalization to larger-
scale models in the instruction tuning setting. As
shown in Fig. 3, PerSyn consistently outperforms
all baselines in terms of average performance. In
particular, compared to the strong baseline CAR,
PerSyn achieves average improvements of 3.4%,
3.6%, 3.1%, and 2.7% on Qwen2.5-7B, Llama-3.1-
8B, Gemma-2-9B, and Qwen2.5-14B, respectively.
These findings demonstrate the broad effectiveness
of PerSyn across diverse model scales and families.

50.0
EmA Strong

N Mix

47.51 E=m Family-Strong
| CAR

45.04 [ PerSyn

Llama-3.1-88

Qwen2.5-7B Gemma-2-9B Qwen2.5-14B

Figure 3: The average results of baselines and PerSyn on
four larger-scale student models spanning three model
families in the instruction tuning setting. Detailed re-
sults are provided in Table 12.

Suitable o for PerSyn To determine the suitable
value for a in Eq. 2 within PerSyn, we conduct
experiments with o ranging from 0.1 to 0.9. The
results in Fig. 4 exhibit a rising trend initially, reach-
ing a peak at o« = 0.4, and then gradually declin-
ing, suggesting that quality is more important than
learnability, consistent with the Finding 2 we derive
in §3.3. A similar trend is observed across three
student models from different families. Therefore,
we set a = 0.4 by default in all experiments.

31
=@= Qwen2.5-0.5B
== Gemma-2-2B
30 - =3é= | lama-3.2-3B
1 /H\.._‘
28 A
27 A
26 A

0.1 0.2 03 04 05 06 0.7 0.8 0.9
Figure 4: The average results across different o values

for three student models from distinct model families in
the instruction tuning setting.

Performance of PerSyn Router We conduct ad-
ditional experiments to study the impact of pairwise
training dataset size and backbone model size on
the performance of the PerSyn router. In these ex-
periments, Qwen2.5 serves as the backbone model
for PerSyn router. Fig. 5 presents the Hit@3 per-
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Figure 5: The performance of the PerSyn router for the
Qwen2.5-3B student model across different backbone
model sizes and pairwise training dataset sizes in the
instruction tuning setting. Notably, 500K pairwise train-
ing samples, which can be constructed from only 2.5K
parallel teacher responses, are sufficient to obtain an
effective PerSyn router. Similar observations in math
reasoning setting are provided in Appendix A.2.

formance® of the router across different backbone
model sizes (0.5B to 3B) and pairwise training
dataset sizes (200K to 800K) in the instruction
tuning setting. The results show that router perfor-
mance initially improves with increasing training
data and then stabilizes once the dataset exceeds
500K (constructed by 2.5K prompts with parallel
teacher responses, see Appendix A.2 for more de-
tails). Similar trends are observed across all three
model sizes. We also note that the performance
of the 1.5B model is comparable to that of the 3B
model. Based on these observations, unless oth-
erwise specified, the PerSyn router is obtained by
training Qwen2.5-1.5B on 2.5K prompts with par-
allel teacher responses by default.

To further validate the effectiveness of the Per-
Syn router, we conduct an additional experiment
comparing it with the Oracle router, which directly
leverages ground-truth reward (as defined in Eq. 2)
to route each prompt to its optimal teacher model.
Table 3 reports the average results in the instruction
tuning setting across different student models. The
results show that the PerSyn router achieves per-
formance comparable to, or even exceeding, that
of the Oracle router (similar observations in the
math reasoning setting are provided in Table 9).
Notably, the Oracle router requires parallel teacher
responses for the entire prompt set. In contrast, the

8Hit@3 denotes the proportion of cases where the teacher
model assigned by the PerSyn router falls within the top-3
ground-truth teachers.

PerSyn Router  Oracle Router

Qwen2.5-0.5B 27.18 27.63
Qwen2.5-1.5B 33.72 34.36
Gemma-2-2B 29.17 28.84
Qwen2.5-3B 40.53 41.02
Llama-3.2-3B 30.35 30.18

Table 3: The average performance of different student
models in the instruction tuning setting using the PerSyn
router and the Oracle router.

PerSyn router only requires 2.5K parallel teacher
responses, making it significantly more efficient.

Teacher Models Allocated by PerSyn To delve
deeper, we visualize the prompt allocation ratios
assigned by PerSyn router across different teacher
models for Qwen2.5-3B under instruction tuning
and math reasoning settings in Fig. 6 and Fig. 7.
As shown in Fig. 6, smaller teacher models, such
as Qwen2.5-3B-Instruct, receive higher allocation
compared to larger models, including Qwen2.5-
7B/14B/32B-Instruct and even Llama-3.1-405B-
Instruct. A similar trend is observed in math rea-
soning (Fig. 7), where Qwen2.5-7B-Instruct has
higher allocation than Qwen2.5-14B/32B-Instruct.
See Fig. 10 for the prompt allocation ratios of other
student models. Based on these observations, we
derive the following conclusion:

Finding 3. Larger teacher models, despite
their superior performance, are not always
the optimal teacher for small student mod-
els; small teachers are often more suitable.

Interestingly, Qwen2.5-72B-Instruct consis-
tently receives high allocation across student mod-
els in both settings, suggesting it is a strong and
versatile teacher.

In addition, Fig. 7 shows that teacher models
producing Long-CoT responses account for only a
small portion of the allocated prompts compared
to Short-CoT models®. Similar trends for other stu-
dent models are reported in Fig. 10. To examine
their necessity of Long-CoT models, we conduct
an experiment where prompts originally assigned
to Long-CoT models are forcibly reassigned to
a strong Short-CoT teacher (Qwen2.5-Math-7B-
Instruct), while keeping the allocation of all other
prompts unchanged. We then construct the syn-

°In this paper, we refer to models that generate Long-CoT

or Short-CoT responses as Long-CoT and Short-CoT models,
respectively.
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Figure 6: Prompt allocation ratios assigned by PerSyn
across different teacher models for Qwen2.5-3B student
in the instruction tuning setting. Colors indicate dif-
ferent model families, and darker shades correspond to
larger teacher models within the same family.

thetic dataset based on this modified allocation and
use it to train the Qwen2.5-3B student model. The
result shows that this replacement led to a 1.3%
drop in average performance compared to the orig-
inal PerSyn allocation. Moreover, Qwen2.5-Math-
7B-Instruct was able to correctly answer only 7.4%
of the prompts that were initially assigned to Long-
CoT models. These findings indicate that:

Finding 4. While Long-CoT models are not
optimal teachers for small student models
in most cases, they remain necessary for
handling certain complex prompts.

Finally, Table 2 shows that training student mod-
els on datasets consisting entirely of Long-CoT
responses (Strong baseline) results in degraded per-
formance relative to PerSyn, indicating that exces-
sive reliance on Long-CoT data is detrimental. Fur-
ther analysis of generated outputs shows that mod-
els trained with Strong often produce repetitive
reasoning without termination, leading to incorrect
answers. In contrast, models trained with PerSyn
can generate suitably extended reasoning paths and
produce correct results. This aligns with the obser-
vations reported in Li et al. (2025b).

4 Related Work

Large Language Models for Data Synthesis
Due to the high cost of human data annotation, re-
cent research has turned to Large Language Models
(LLMs) for synthetic data generation as a practi-
cal alternative (Long et al., 2024; Tan et al., 2024).

Student model = Qwen2.5-3B

0.25 Model Families _
£ Mistral

B Gemma 2
B3 Llama 3

23 Qwen3

0201 = DeepSeek-R1
EZ Qwen2.5-Math
B Qwen2.5

e einil

P PR P X XX R ®
LR RS & S & PR A

QR R
R R R 8

Figure 7: Prompt allocation ratios assigned by PerSyn
across different teacher models for Qwen2.5-3B student
in the math reasoning setting. Colors indicate differ-
ent model families, and darker shades correspond to
larger teacher models within the same family. Note that
DeepSeek-R1 and Qwen3 are Long-CoT models, while
the remaining are Short-CoT models.

This line of work has demonstrated promising re-
sults across diverse domains. For example, LLMs
can generate instruction-response pairs in instruc-
tion tuning (Taori et al., 2023; Wang et al., 2024b;
He et al., 2025; Yuan et al., 2025) and elaborate ra-
tionales for reasoning tasks (Shridhar et al., 2023;
Li et al., 2025d; Guo et al., 2025). Other task-
specific data synthesis include dialogue genera-
tion (Sun et al., 2024; Wang et al., 2025b; Tan et al.,
2025), code generation (Roziere et al., 2023; Ma-
jumdar et al., 2025), reinforcement learning (Liang
et al., 2025a,b), data augmentation (Wang et al.,
2024a; Liang et al., 2024), and retrieval-augmented
generation (Xu et al., 2025a; Li et al., 2025a; Yang
et al., 2025b). In this work, we mainly conduct
experiments on two prevalent data synthesis sce-
narios: instruction tuning and math reasoning.

Distillation with Synthetic Data To improve ef-
ficiency, previous studies aimed to use the syn-
thetic data generated by large and powerful LLMs
to train smaller models (Chiang et al., 2023; Bus-
bridge et al., 2025). However, recent works have
demonstrated that stronger models are not always
stronger teacher models for data generation (Kim
et al., 2024b; Xu et al., 2025b; Li et al., 2025b;
Chen et al., 2025). Specifically, Li et al. (2025b)
showed that small student models struggle to learn
from strong reasoners due to the learnability gap
and introduced a mixed distillation strategy to miti-
gate this gap. Xu et al. (2025b) found that learning
from response generators within the same model
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family yields higher performance and propose a
metric to select the best teacher by measuring the
quality and compatibility. However, these meth-
ods are inefficient and ineffective, as they require
generating parallel teacher responses and cannot
produce a synthetic dataset that is optimal at the
sample level. In this work, we aim to assign each
prompt to the most suitable teacher model for data
synthesis, thereby constructing the final personal-
ized dataset.

5 Conclusion

In this work, we propose PerSyn, a new strategy
that constructs personalized synthetic data for a
specific student model to help it learn more effec-
tively. Unlike previous work that employ a sin-
gle selected teacher model to synthesize data for
the entire prompt set, PerSyn operates in a more
fine-grained manner: it assigns each prompt to its
optimal teacher model for synthesis, based on both
the student model’s learnability and the teacher
model’s response quality. Furthermore, PerSyn
transfers the synthesis paradigm from the conven-
tional “Generate then Select” to “Route then Gen-
erate” by introducing a router-guided mechanism.
Extensive experiments demonstrate that synthetic
data constructed by PerSyn effectively facilitates
the learning of student models, achieving state-
of-the-art performance across various scales and
model families in both instruction tuning and math
reasoning scenarios. Our comprehensive analysis
also offers valuable insights for future research.

Limitations

While PerSyn demonstrates strong effectiveness in
both instruction tuning and math reasoning, it re-
mains unclear whether PerSyn can generalize to
other scenarios, such as code generation, multi-
modal understanding, and other specialized do-
mains. Furthermore, our experiments are limited
to student models with up to 14B parameters, and
we have not evaluated larger LLMs (e.g., 32B or
70B) due to computational constraints. We leave
these for future work.

Ethical Considerations

All datasets used in our work are publicly released
under open licenses, and all models employed in
distillation or generation are open-source and li-
censed for research use. We strictly follow the li-
censing terms and usage policies of these resources.
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A Appendix

A.1 Implementation Details

Hyper-parameter Value
Learning Rate 2 x 1077
Number of Epochs 2
Number of Devices 4
Per-device Batch Size 1

Gradient Accumulation Steps 8

Effective Batch Size 32
Optimizer AdamW
Learning Rate Scheduler cosine
Warmup Steps 100

Max Sequence Length 4096/16384

Table 4: The hyper-parameters used for full parameter
fine-tuning of models smaller than 14B. The max se-
quence length in the instruction tuning setting is 4,096,
while that in the math reasoning setting is 16,384. No-
tably, the “max_position_embeddings” of Gemma-2 is
8,192; therefore, its max sequence length in the math
reasoning setting is limited to 8,192.

Training Setup. Table 4 and Table 5 present the
detailed hyper-parameters of full parameter fine-
tuning and LoRA fine-tuning. We conduct our ex-
periments on a server equipped with eight NVIDIA
A100-SXM4-80GB GPUs.

Reward Models. To study the impact of the re-
ward model used in §2.1, we conduct additional
experiments in the instruction tuning setting, com-
paring the performance of PerSyn with a weak re-
ward model ( Skywork-Reward-V2-Llama-3.1-3B)
and a strong reward model (Skywork-Reward-V2-
Llama-3.1-8B). The results in Fig. 8 show that us-
ing the weak reward model Skywork-Reward-V2-
Llama-3.1-3B yields worse performance than the
strong reward model Skywork-Reward-V2-Llama-
3.1-8B, highlighting that PerSyn benefits from a
well-performing reward model. However, even
with a weak reward model, PerSyn still outper-
forms the strong baseline CAR. By default, we use
Skywork-Reward-V2-Llama-3.1-8B reward model
in all instruction tuning experiments.

Baselines Setup. We compare the following base-
lines to verify the effectiveness of our PerSyn in our
experiments: 1) Strong refers to using the strongest

Hyper-parameter Value
Learning Rate 1x107%
Number of Epochs 2
Number of Devices 4
Per-device Batch Size 1
Gradient Accumulation Steps 8
Effective Batch Size 32
Optimizer AdamW
Lora Target full
Learning Rate Scheduler cosine
Warmup Ratio 100

Max Sequence Length 4096/16384

Table 5: The hyper-parameters used for LoRA fine-
tuning of models larger than 14B. The max sequence
length in the instruction tuning setting is 4,096, while
that in the math reasoning setting is 16,384. Notably,
the “max_position_embeddings” of Gemma-2 is 8,192;
therefore, its max sequence length in the math reasoning
setting is limited to 8,192.

45.0

Al PerSyn w/ Skywork-Reward-V2-Llama-3.2-3B
I CAR
42.5 ZX1 PerSyn w/ Skywork-Reward-V2-Llama-3.1-8B

04
Qwen2.5-0.5B Qwen2.5-1.5B Gemma-2-2B Qwen-2.5-3B Llama-3.2-3B

Figure 8: The average results of the strong baseline CAR
and PerSyn with strong and weak reward models in the
instruction tuning setting.

single LLM as the teacher to synthesize data. 2)
Mix indicates mix distillation (Li et al., 2025b)
that derives the synthetic dataset by mixing out-
puts from weak and strong teacher models. In this
work, we implement a variant of mix distillation
by randomly assigning a teacher model’s response
to each prompt. Notably, the teacher models range
from small to large sizes, thereby the synthetic
dataset includes responses from both weak and
strong teacher models. 3) Family-Strong repre-
sents choosing the strongest teacher model that is
within the same family as the student model. 4)
CAR is a compatibility-adjusted reward metric pro-

14632



Instruction Tuning

Student Models

Strong Family-Strong CAR
Qwen2.5-0.5B Llama-3.1-405B-Instruct Qwen2.5-72B-Instruct Qwen2.5-3B-Instruct
Qwen2.5-1.5B Llama-3.1-405B-Instruct Qwen2.5-72B-Instruct Qwen2.5-3B-Instruct
Gemma-2-2B Llama-3.1-405B-Instruct Gemma-2-27b-it Qwen2.5-72B-Instruct
Qwen2.5-3B Llama-3.1-405B-Instruct Qwen2.5-72B-Instruct Qwen2.5-3B-Instruct
Llama-3.2-3B Llama-3.1-405B-Instruct Llama-3.1-70B-Instruct Qwen2.5-3B-Instruct

Table 6: The assigned teacher models of our compared baseline methods in instruction tuning setting.

Student Models Math Reasoning

Strong Family-Strong CAR
Qwen2.5-0.5B DeepSeek-R1-37B Qwen2.5-72B-Instruct Qwen2.5-Math-7B-Instruct
Qwen2.5-1.5B DeepSeek-R1-37B Qwen2.5-72B-Instruct Qwen2.5-Math-7B-Instruct
Gemma-2-2B DeepSeek-R1-37B Gemma-2-27b-it Llama-3.1-8B-Instruct
Qwen2.5-3B DeepSeek-R1-37B Qwen2.5-72B-Instruct Qwen2.5-Math-7B-Instruct
Llama-3.2-3B DeepSeek-R1-37B Llama-3.3-70B-Instruct Qwen2.5-Math-7B-Instruct

Table 7: The assigned teacher models of our compared baseline methods in math reasoning setting.

posed by Xu et al. (2025b) that selects a single
teacher model based on the average performance
of teacher model on the entire dataset.

We present the assigned teacher models of our
compared baseline methods in the instruction tun-
ing and math reasoning settings in Table 6 and
Table 7.

A.2 Details of PerSyn Router

To determine the optimal pairwise training dataset
size and model size for obtaining an effective Per-
Syn router, we first reserve 1K samples as the eval-
uation set. From the remaining data, we randomly
sample subsets of different sizes NV as training sets.
Next, all teacher models generate parallel responses
for prompts in both the training and evaluation sets.
Then, we compute the learnability and quality re-
wards via Eq. 2 for these parallel teacher responses,
which allows us to establish the ground-truth rank-
ing for each prompt. The labeled training set of
size NN is then used to construct a pairwise dataset
of size M for training PerSyn routers of different
model sizes, while the evaluation set is used to
assess router performance.

The desired pairwise dataset size M determines
the required sample size N. For instance, in
the instruction tuning setting, 19 teacher mod-
els'® produce 190 model combinations. To obtain

10Gee Table 11 for details of teacher models in instruction
tuning and math reasoning settings.

M = 500K pairwise samples, a subset of size
N = 500K =+ 190 = 2.5K prompts with parallel
teacher responses suffices. Similarly, in the math
reasoning setting, 15 teacher models yield 105 com-
binations; to obtain M = 250K pairwise samples,
a subset of size N = 250K + 105 ~ 2.5K prompts
with parallel teacher responses is sufficient. Ta-
ble 8 presents the different sample sizes N and
their corresponding pairwise dataset sizes M for
both settings.

== 0.5B
1.5B
== 3B

90+

80+

56K IObK 15‘0K ZOVOK ZSbK 30‘0K 35‘0K

Figure 9: The performance of the PerSyn router for the
Qwen2.5-3B student model across different backbone
model sizes and pairwise training dataset sizes in the
math reasoning setting. Notably, 250K pairwise train-
ing samples, which can be constructed from only 2.5K
parallel teacher responses, are sufficient to obtain an

effective PerSyn router.
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Instruction Tuning

Math Reasoning

Sample Size N Pair-wise Size M

Sample Size N Pair-wise Size M

1K 200K
1.5K 300K
2K 400K
25K 500K
3K 600K
35K 700K
4K 800K

0.5K 50K
IK 100K
1.5K 150K
2K 200K
2.5K 250K
3K 300K
35K 350K

Table 8: Different prompt sample sizes N with parallel teacher responses and their corresponding pairwise training
data sizes M in the instruction tuning and math reasoning settings. To obtain M pairwise training samples, each

teacher model only needs to generate N responses.

We present the performance of the PerSyn router
for the Qwen2.5-3B student model across different
router model sizes and pairwise training dataset
sizes under instruction tuning and math reason-
ing settings in Fig. 5 and Fig. 9. In Fig. 5, 500K
pairwise training samples, constructed from only
around N = 2.5K prompts with parallel teacher
responses (see Table 8, “Instruction Tuning” col-
umn), are sufficient to obtain an effective PerSyn
router in the instruction tuning setting. Similarly,
Fig. 9 shows that 250K pairwise training samples,
generated from approximately N = 2.5K prompts
with parallel teacher responses (see Table 8, “Math
Reasoning” column), are sufficient to obtain an ef-
fective PerSyn router in the math reasoning setting.

PerSyn Router Oracle Router

Qwen2.5-0.5B 41.08 41.45
Qwen2.5-1.5B 67.54 68.02
Gemma-2-2B 36.52 36.35
Qwen2.5-3B 75.66 75.78
Llama-3.2-3B 39.32 39.13

Table 9: The average performance of different student
models in the math reasoning setting using the PerSyn
router and the Oracle router.

To further validate the effectiveness of the Per-
Syn router, we conduct an additional experiment
comparing it with the Oracle router, which uses
ground-truth rewards to directly route each prompt
to its optimal teacher model. The average results
across different student models in both instruction
tuning and math reasoning settings are reported in
Table 3 and Table 9. In both settings, the PerSyn
router achieves performance comparable to or even
surpassing that of the Oracle router. Importantly,
Oracle router requires parallel teacher responses
for the entire prompt set, whereas the PerSyn router
only requires 2.5K prompts with parallel responses,
making it substantially more efficient.

A.3 Datasets and Evaluation

Details of Data Synthesis. For instruction tun-
ing, the Magpie-100K-Generator-Zoo dataset use
greedy decoding to generate responses. For math
reasoning, we set the temperature to 0.6 and use
teacher models to synthesize solutions by rejection
sampling. Specifically, we sample four outputs
from models under 72B and two outputs from 72B
or Long-CoT models. Each output is then verified
using Math-Verify.!! If at least one output is cor-
rect, we keep one correct solution; otherwise, we
randomly keep one incorrect solution.

Datasets Overview. Table 10 presents an
overview of the datasets used in our experiments.
For instruction tuning setting, Truthful QA is de-
signed to measure whether a language model gen-
erate truthful answers. LiveBench is a monthly
updated benchmark that tests LLMs on 18 diverse
tasks across 6 categories.'? IFEval evaluate LLMs’
capability to follow automatically verifiable nat-
ural language instructions. For math reasoning,
SVAMP and GSMSK are datasets of grade-school
math word problems. And MATH is a more chal-
lenging benchmark that contains competition-level
mathematics problems requiring complex reason-
ing and advanced knowledge.

Evaluation Setup. We assess the models on
LiveBench with the official scripts'?, reporting
scores averaged across six domains: math, coding,
reasoning, language, data analysis, and instruction
following. Truthful QA and IFEval are evaluated
using Im-evaluation-harness (Gao et al., 2024), a
standard evaluation suite, and for IFEval we re-
port instruction-level strict accuracy. In the math

Thttps://github.com/huggingface/Math-Verify

’The release option of LiveBench we used in our experi-
ment is 2024-11-25.

Bhttps://github.com/LiveBench/LiveBench
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Dataset #Samples Task Type Data Type

Magpie-100K-Generator-Zoo (Magpie-Zoo) (Xu et al., 2025b) 50K Instruction Tuning Train

Truthful QA (Lin et al., 2022) 817 Instruction Tuning Test
LiveBench (White et al., 2025) 1436 Instruction Tuning Test
IFEval (Zhou et al., 2023) 541 Instruction Tuning Test
PerSyn-Math (Our) 10K Math Reasoning Train
SVAMP (Patel et al., 2021) 1000 Math Reasoning Test
MATH (Hendrycks et al., 2021) 500 Math Reasoning Test
GSMB8K (Cobbe et al., 2021) 1320 Math Reasoning Test

Table 10: Overview of the datasets we used in our experiments. #Samples indicates the number of samples per
dataset. Notably, original Magpie-Zoo have already contained 19 parallel teacher responses for each prompt. We
randomly sample 50K from it to construct training dataset for baselines and our PerSyn strategy in instruction
tuning setting. For math reasoning setting, we construct PerSyn-Math dataset, which provides 10K samples with 15
parallel teacher responses. We use PerSyn-Math to construct training dataset for baselines and our PerSyn strategy
in math reasoning setting. We use 2.5K samples with parallel teacher responses to build pairwise training data to
obtain PerSyn router in both settings (as supported by §3.3).

reasoning setting, we use accuracy as the primary
metric, with correctness measured by math-verify.
All benchmarks are tested in the zero-shot setting,
except for GSM8K, which is evaluated in a 5-shot
setting. To ensure reproducibility of our empiri-
cal results, we implement greedy decoding for all
benchmarks.

A.4 Teacher Models of Two Settings

Table 11 presents an overview of the teacher mod-
els used in our two settings. The teacher model
pool for instruction tuning includes 19 models
from 6 different families, with sizes ranging from
1.5B to 405B. For math reasoning, we use 15
teacher models from 7 different families. Notably,
beyond conventional teacher model choices, we
also include models specialized for math reason-
ing, covering RL-trained reasoning models (Qwen3
and DeepSeek-R1), a backbone model pretrained
on math data (Qwen2.5 Math), and a model dis-
tilled with Long-CoT rationales (DeepSeek-R1-
Distill-Qwen-7B). It should be noted that the 37B
DeepSeek-R1 model denotes its number of acti-
vated parameters, whereas the full model contains
685B parameters in total.
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Model Family Model ID Size
Qwen2-1.5B-Instruct 1.5B
Qwen2 Qwen2-7B-Instruct 7B
Qwen2-72B-Instruct 72B
Qwen2.5-3B-Instruct 3B
Qwen2.5-7B-Instruct 7B
Qwen2.5 Qwen?2.5-14B-Instruct 14B
Qwen2.5-32B-Instruct 32B
Qwen2.5-72B-Instruct 72B
Llama-3-8B-Instruct 8B
Llama 3
Llama-3-70B-Instruct 70B
Llama-3.1-8B-Instruct 8B
Llama 3.1 Llama-3.1-70B-Instruct 70B
Llama-3.1-405B-Instruct 405B
Gemma-2-2b-it 2B
Gemma 2 Gemma-2-9b-it 9B
Gemma-2-27b-it 27B
Phi-3-mini-128k-instruct 3.8B
Phi-3 Phi-3-small-128k-instruct 7B

Phi-3-medium-128k-instruct

14B

Model Family Model ID Size
Qwen2.5-7B-Instruct 7B
Qwen2.5 Qwen2.5-14B-Instruct 14B
Qwen2.5-32B-Instruct 32B
Qwen2.5-72B-Instruct 72B
Qwen3 Qwen3-8B 8B
Qwen3-14B 14B
Qwen2.5 Math Qwen2.5-Math-7B-Instruct 7B
Llama 3.1/3.3 Llama-3.1-8B-Instruct 8B
Llama-3.3-70B-Instruct 70B
Gemma-2-9b-it 9B
Gemma 2 i
Gemma-2-27b-it 27B
. Mistral-7B-Instruct-v0.3 7B
Mistral .
Mistral-Nemo-Instruct-2407 12B
Deepseek DeepSeek-R1-Distill-Qwen-7B 7B
DeepSeek-R1 37B

Table 11: The overview of teacher models we used in our experiments. For instruction tuning (left table), we directly
use the teacher models defined in Magpie-Zoo dataset (Xu et al., 2025b). The right table presents the teacher models
for math reasoning.

Student Model Strategy IFEval TruthfulQA LiveBench
Strong 52.85 22.80 43.02
Mix 53.66 23.50 44.26
Qwen2.5-7B  Family-Strong 55.43 25.10 46.15
CAR 55.75 24.90 47.33
PerSyn (Ours) 57.12 26.20 49.08
Strong 47.71 14.80 32.87
Mix 49.82 16.90 3542
Llama-3.1-8B  Family-Strong 48.36 15.40 33.25
CAR 50.23 17.30 35.86
PerSyn (Ours) 51.34 18.50 37.13
Strong 45.68 13.60 33.49
Mix 46.71 14.40 34.63
Gemma-2-9B  Family-Strong  48.15 16.30 36.09
CAR 48.52 16.70 36.63
PerSyn (Ours)  49.66 17.50 37.84
Strong 55.84 25.70 46.34
Mix 57.26 27.10 48.85
Qwen2.5-14B  Family-Strong  59.07 28.40 50.59
CAR 60.32 28.80 52.06
PerSyn (Ours) 62.15 29.50 53.47

Table 12: Results of baseline methods and our PerSyn strategy evaluated on four larger-scale student models from
different families. See §3.1 for details about the Strong, Mix, Family-Strong, and CAR baselines.
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Figure 10: Prompt allocation ratios assigned by PerSyn across different teacher models for Qwen2.5-1.5B, Gemma-
2-2B, and Llama-3.2-3B student models in the instruction tuning (left) and math reasoning (right) settings. Colors
indicate different model families, and darker shades correspond to larger teacher models within the same family.
Note that DeepSeek-R1 and Qwen3 are Long-CoT models, while the remaining are Short-CoT models.
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