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Abstract

Post-training is essential for refining the domain-specific capabilities of large language
models (LLMs), yet existing reward optimization and distribution matching methods
tightly couple policy exploration with distribution alignment. This coupling forces ex-
pensive exploration directly on the policy model and severely hinders the asynchronous
generation, reuse, and cross-model transfer of optimization signals. In this paper, we pro-
pose Proxy-guided Update Signal Transfer (PUST), a novel post-training framework
that fundamentally decouples update-signal exploration from distribution alignment. In-
stead of utilizing the primary model for costly exploration, PUST employs a lightweight
proxy model as an efficient testbed to discover high-reward behaviors. We extract the
relative improvement signal between the proxy’s initial and optimized states, transfer-
ring this directional update to the primary model to guide its policy alignment. This
decoupled pipeline, comprising proxy exploration, update-signal extraction, and signal
transfer, significantly reduces computational overhead and enables optimization signals
to be asynchronously generated, cached, and reused. Crucially, by transferring relative
improvements rather than absolute policy distributions, PUST naturally supports weak-
to-strong improvement and seamless cross-model transfer. Systematic evaluations on
Qwen3-family models across math and code domains demonstrate that update signals
extracted from substantially weaker proxies can robustly and adjustably enhance stronger
primary models. Ultimately, PUST transforms post-training from a monolithic online
optimization process into a highly modular, reusable, and cost-efficient paradigm.
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1 Introduction

Post-training is essential for refining the usability and domain-specific capabilities of large language models
(LLMs) [1], yet increasing model scale and domain diversity demand higher training efficiency and lower computa-
tional costs. Existing PPO-like methods (e.g., PPO [2], GRPO [3]) optimize models via on-policy rollouts and reward
feedback. However, adapting them to multiple domains typically necessitates a sequential and costly optimization
process across different settings (Fig. 1(a)). The emergence of OPD [4, 5] introduces a new paradigm: instead of
generating reward signals directly, it uses distribution matching to align a student model with optimized expert
teachers, enabling cross-domain data-level parallelization (Fig. 1(b)). This shift implies that reward-oriented opti-
mization and distribution alignment serve distinct roles, motivating our investigation into how policy-improvement
signals are explored and applied for optimization.

As depicted in Fig. 1(b), this parallel pipeline comprises two distinct stages: policy exploration and policy
alignment. It initially utilizes reward-oriented exploration to discover high-reward behaviors and construct expert
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Figure 1: Comparison of post-training pipelines. (a) Serial: Sequential domain exploration, risking catastrophic
forgetting. (b) Parallel: Parallel domain exploration followed by unified policy alignment. (c) Proxy Asynchronous
(Ours): A proxy model conducts asynchronous exploration; extracted signals are subsequently transferred to various
primary models. Decoupling these update signals from the base model enables seamless propagation and reuse.
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teachers, followed by aligning the student model with their distributions via distillation. While OPD enhances
parallel alignment efficiency across multiple experts, its exploration phase inherently depends on the model being
trained. Consequently, exploration and alignment remain tightly coupled within the same model, restricting the
asynchronous generation, caching, reuse, and cross-model transfer of the discovered high-reward distributions. This
limitation raises a natural question: can we decouple exploration and alignment from the policy model to enable
asynchronous exploration and seamless cross-model transfer?

To address this issue, we propose Proxy-guided Update Signal Transfer (PUST), a novel post-training framework
that decouples update-signal exploration from distribution alignment. Instead of performing costly exploration on
the primary model being trained, we introduce proxy exploration [6], where a proxy model serves as a low-cost
testbed for exploration to discover high-reward behaviors. Furthermore, rather than directly distilling the optimized
proxy, our framework introduces update-signal extraction and transfer. Specifically, we extract the relative
improvement signal between the initial and optimized states of the proxy model, and subsequently transfer this
update signal to the primary model to guide policy updates via alignment. Through the sequential pipeline of proxy
exploration, update-signal extraction, and signal transfer, exploration results can be asynchronously generated and
seamlessly transferred across different primary models, enabling efficient and scalable cross-model post-training.

This decoupled design offers several key advantages. First, it significantly reduces exploration costs by delegating
expensive sampling and reward evaluation to a smaller proxy model, allowing the primary model to focus solely on
applying the extracted signals for optimization. Second, it enhances signal reusability, allowing update signals to be
asynchronously generated, cached, scaled, and reused across distinct training runs. Third, it improves scalability and
supports weak-to-strong improvement [7, 8]; since the framework transfers the proxy’s relative improvement rather
than its absolute policy distribution, signals explored by a weaker proxy can be flexibly applied to various primary
models, even substantially stronger ones. Overall, this decoupling transforms post-training from a monolithic online
optimization process into a highly modular and reusable pipeline for signal exploration, extraction, and transfer.

We systematically evaluate Proxy-guided Update Signal Transfer on Qwen3-family models [9] across math and code
domains. Our experiments reveal that update signals extracted from a substantially weaker proxy can still effectively
improve a stronger primary model. Additionally, this transfer intensity is adjustable via a scaling coefficient,
yielding robust performance across diverse settings. Crucially, the reusability of these signals across models and
configurations indicates that useful post-training insights are not strictly bound to the proxy’s absolute capability,
but can instead be abstracted as transferable, adjustable distributional improvement signals.

Our main contributions are summarized as follows:

* We reinterpret post-training as distinct policy exploration and alignment stages, revealing how their tight coupling
in existing methods inflates exploration costs and hinders cross-model adaptability.

* We propose the Proxy-guided Update Signal Transfer framework comprising proxy exploration, update-signal
extraction, and signal transfer, which uniquely transfers the proxy’s relative improvement signal to facilitate
flexible policy updates.



* We demonstrate that these update signals can be seamlessly scaled, reused, and transferred across models to
enable an asynchronous and cost-efficient post-training paradigm.

2 Preliminary Analysis: Reward Optimization vs. Distribution Matching

As discussed in Section 1, post-training funda-
mentally comprises two distinct stages: policy
exploration and policy alignment. Reward opti-
mization heavily emphasizes the former by ac-
tively seeking high-reward behaviors, whereas
distribution matching executes the latter by align-
ing the model to a predetermined distribution. To
elucidate their underlying differences and training
efficiencies, this section compares two represen-
tative algorithms: GRPO and OPD.
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agnostic, we introdu.ce two rev&iard-rfflated V(flri_ steps based on converged-region statistics (i.e. mean and std).
ants: (3) OPD FT (Filtered Trajectories), which

discards training groups comprising entirely cor-
rect trajectories of the student; and (4) OPD URM (Update Reward Mask), which applies a token-level mask to
discard tokens whose update direction contradicts the overall reward signal.

As illustrated in Fig. 2, our comparative analysis yields three key insights: (1) regarding convergence efficiency,
all OPD variants achieve rapid convergence (at around 20 steps), whereas GRPO requires a significantly longer
exploratory phase to identify optimal update directions; (2) regarding final efficacy, all four configurations ultimately
converge to a comparable performance level, indicating that the FT and URM mechanisms do not alter overall
effectiveness, though OPD FT converges slightly slower due to reduced update signal; and (3) regarding mechanistic
limitations, the results reveal that OPD lacks intrinsic reward awareness, indiscriminately aligning the student’s
distribution with the teacher’s. Even with URM, token probabilities are merely adjusted based on trajectory-level
correctness, which cannot guarantee strict token-level reward relevance.

In conclusion, while distribution-matching algorithms are highly efficient during policy alignment, they inherently
rely on active policy exploration to acquire an expert teacher with a high-quality target distribution. The genuine
directional signal for policy improvement fundamentally stems from the active exploration inherent in reward
optimization. Consequently, to further enhance post-training efficiency, it is imperative to investigate how to
decouple, reuse, and seamlessly transfer these extracted update signals across models.

3 Methodology

As illustrated in Section 2, while distribution matching efficiently condenses multi-step reward optimization into
direct policy alignment, its reliance on a pre-existing target distribution often forces a restrictive strong-to-weak or
human demonstration paradigm.

To break this dependency, we reformulate post-training around the concept of the update signal. Instead of requiring
a stronger target policy, we utilize a proxy model to explore reward-induced update signals that are then extracted
and transferred to the primary model, decoupling the process into a scalable, reusable, and cross-model pipeline:
proxy exploration, update-signal extraction, and signal transfer.

3.1 Setup

Let « denote an input prompt and y = (y1, . .., yr) denote a corresponding generated response. At decoding step ¢,
we define the token-level state as s; = (z, y<¢).

Unlike standard on-policy alignment, our framework involves two distinct models sharing a common vocabulary V:
a lightweight proxy model designed for low-cost trial-and-error exploration, and a more capable primary model that
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Figure 3: Illustration of the PUST mechanism. This pipeline decouples exploration from alignment via three
sequential stages. First, a relative update signal is extracted from the explored proxy model pair. Next, to prevent
over-updating, the signal is dynamically calibrated against the primary model’s anchor. Finally, the calibrated signal
is transferred to guide the primary model’s alignment, ensuring stable and flexible policy optimization.

we ultimately aim to improve. Correspondingly, we define four policies essential to our framework: (1) the initial
proxy policy before optimization, 74; (2) the reward-optimized proxy policy, 71';'; (3) the frozen anchor policy of
the primary model, m.f; (4) the primary policy to be updated, my.

3.2 Stage 1: Proxy Exploration

Directly applying reward optimization algorithms (e.g., PPO or GRPO) to the primary model incurs prohibitive
sampling costs and lacks flexibility, particularly when adapting to diverse reward distributions. To decouple this
active exploration from the primary policy, we introduce proxy exploration.

Instead of updating the primary model directly, we deploy a proxy model, 74, to serve as an efficient and flexible
testbed. In this stage, we optimize 74 using standard reward optimization to maximize a given reward function

r(x,y), yielding the optimized proxy policy 7r¢f.

By offloading the trial-and-error exploration to the proxy, we achieve highly efficient policy exploration without
repetitively burdening the primary model. More importantly, this decoupled design enables the deployment of
multiple proxy models in parallel to explore diverse high-reward behaviors and optimal distributions.

3.3 Stage 2: Update-Signal Extraction

Following proxy exploration, standard distillation typically aligns the primary model directly to the optimized
proxy, 77(‘;. However, mimicking its absolute distribution inherently binds the explored updates to the proxy itself,
preventing the signals from being reused across different primary models. To decouple these learned signals and
enable flexible cross-model transfer, we introduce update-signal extraction.

Instead of absolute distillation, PUST extracts the relative improvement signal. For each state s; and token a € V,
the proxy-induced token-level update direction is defined as:
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Ay(a ] st) =log wqf(a | s¢) —logmg(a | s¢) = log

The term Ay (a | s¢) precisely encapsulates the reward-induced signal: if Ay > 0, the proxy’s tendency to select
token a has been encouraged by the reward; if Ay < 0, it has been suppressed.

This relative signal represents a generalized directional improvement, making it highly transferable regardless of
the proxy’s absolute capability. More importantly, the extracted update signals can be easily cached and reused,
establishing a highly scalable foundation for subsequent cross-model signal transfer.

3.4 Stage 3: Signal Transfer

In the final stage, we introduce Signal Transfer to apply the extracted relative improvements to the primary model.
Unlike standard distillation that forces the primary model to blindly mimic a fixed, absolute distribution, signal
transfer dynamically transplants the proxy-explored update signal onto the primary model’s intrinsic policy space.
This decoupled mechanism not only bypasses the capability bottleneck of weaker proxies, but also establishes a
highly stable and scalable paradigm for cross-model alignment.



3.4.1 Anchor-Based Update Calibration

During signal transfer, the extracted update signal A, remains fixed post-exploration. Consequently, repeatedly
transferring this static signal to the primary policy 7y across multiple steps could induce severe over-updating.
Once the primary model shifts toward the proxy-suggested direction, continuing to amplify the same tokens
indiscriminately becomes detrimental.

To dynamically measure the update already absorbed by the primary model, we define the primary-anchor log-ratio:

mo(a | st)

7Tref(a | St) '

Ag(a | s¢) = log )

To prevent over-updating, we introduce Ay as a penalty term and define the token-level transferred utility with
anchor calibration as:
rala ] se) = Agla]st) = AMg(a | s0), 3)

where the calibration coefficient A > 0 dictates the alignment conservatism. A larger A imposes a stricter penalty
against deviations from the anchor policy, yielding more conservative updates, whereas a smaller A allows the
primary model to aggressively exploit the proxy’s update signal.

3.4.2 Signal-Guided Objective Formulation

Given a set of token-level states D, we optimize 7y by maximizing the expected transferred utility under its current
token distribution:

Tproxy (0) = Eg,~p [Z mo(a | st) <A¢(a | s¢) — Alog W)] _ %)

acy 7rrcf(a | St)

Equivalently, this maximization can be cast as minimizing the following objective:

+
Epmxy(e) = —E;,~p [Z mo(a | st) (log W — Mog 7T9(a|st)>] ] 5)

. (als0) Trer(a ] 51)

Notably, 74, F;, and 7.f remain strictly frozen, and gradients are exclusively applied to the primary policy my.

Mathematically, minimizing Eq. (5) is equivalent to minimizing the Kullback-Leibler (KL) divergence between the
primary policy and a dynamically induced target distribution. This reveals PUST’s core mechanism: it acts as an
efficient distribution-matching algorithm that, instead of mimicking a pre-existing absolute distribution, aligns to a
dynamic target constructed by transferring the proxy-explored update signal onto the primary model’s anchor space.

4 Experiments

In this section, we design experiments to answer the following questions:

» Can update signals obtained from a proxy model improve the performance of the primary model (Section 4.1)?

* Can update signals explored by a proxy model be reused across different primary models (Section 4.2)?

* How do update signals explored by a proxy model change after multiple rounds of transfer (Section 4.3)?

* How do different proxy models and correction coefficients affect the final performance of the primary model
(Section 4.4)?

* How large is the gap between update signals explored by a proxy model and those explored directly by the
primary model (Section 4.5)?

4.1 Performance Improvement of Proxy-guided Update Signal Transfer

To evaluate the effectiveness of PUST, we conduct experiments on transferring update signals in both the Math
and Code domains. In the Math domain, the proxy model (Qwen3-4B/1.7B) is trained for 500 steps using GRPO
on the DeepMath-103K dataset [18] * to explore update signals, ultimately yielding the optimized proxy model,
Qwen3-4B/1.7B Math (RL). Similarly, in the Code domain, the proxy model Qwen3-4B is trained for 300 steps via

I'The lower LCB score of Qwen3-8B relative to Qwen3-4B is an inherent property of the base models. We strictly followed the evaluation
protocol of [17] to ensure reproducibility.
2We filter this dataset using the selection strategy proposed in prior work.



Table 1: Mean@16 results of math benchmarks. Absolute scores and gains (A) over respective base models
are reported in parentheses. Bold+Teal indicates that the best gains. In PUST, — indicates that update signals are
extracted from the proxy model (€}) on the left and transferred to the primary model (&) on the right.

Model AIME 24 [10] AIME25[11] HMMT 25 (Feb) [12] HMMT 25 (Nov) [12]  Average
1.7B Parameter Scale

Qwen3-1.7B (Base) 14.2 12.3 4.4 4.8 8.9

Qwen3-1.7B Math (RL) 35.6 (+21.4) 31.7 (+194) 19.6 (+152) 15.2 +104) 25.5 (+16.6)
4B Parameter Scale

Qwen3-4B (Base) 23.2 22.1 10.6 7.9 16.0

Qwen3-4B Math (RL) 58.8 (+35.6) 55.8 (+33.7) 33.1 (+22.5) 38.3 (+30.4) 46.5 (+30.5)
8B Parameter Scale

Qwen3-8B (Base) 244 22.5 12.3 10.0 17.3

PUST (1.7B € — & 8B) 54.4 (+30.0) 40.2 +17.7) 22.1 (+9.8) 31.3 +21.3) 37.2 (+19.9)

PUST (4B € — & 8B) 62.5 (+38.1) 52.7 (+302) 34.2 (+219) 40.4 (+30.4) 47.5 (+30.2)

Table 2: Mean@16 results of code benchmarks. Absolute scores and gains (A) over respective base models are
reported in parentheses. Bold+Teal indicates that the best gains.

Model HumanEval+ [13, 14] MBPP+[15] LCB[16] Average
4B Parameter Scale

Qwen3-4B (Base) 79.4 64.1 18.0 53.8

Qwen3-4B Code (RL) 82.5 +3.1) 68.7 (+4.6) 19.0 +1.00  56.7 +2.9)
8B Parameter Scale

Qwen3-8B (Base) 80.5 70.6 16.7" 55.9

PUST (4B € — 2 8B) 83.1 +20) 73.5 (+2.9) 25.0 +8.3)  60.5 (+4.6)

GRPO on the Eurus-RL-Code dataset [19], resulting in Qwen3-4B Code (RL). The update signals explored in both
domains are then transferred to the primary model Qwen3-8B. During signal transfer, to account for the differences
between the proxy and primary models, we apply a calibration coefficient of A = 1.5 for PUST (1.7B € — & 8B),
and a calibration coefficient of A = 1.0 for PUST (4B € — & 8B).

The experimental results are presented in Table 1 and Table 2. In both domains, the update signals explored by the
Qwen3-4B/1.7 proxy model successfully improve the Qwen3-8B primary model, which achieves consistent perfor-
mance gains across all evaluated datasets. Notably, on certain benchmarks such as AIME2024, HMMT25(NOV),
and LCB, the performance improvements observed in the primary model even surpass the gains achieved by the
proxy model itself. This demonstrates that update signals can be effectively transferred across models. Furthermore,
it suggests that the efficacy of the transferred signals is influenced by the capacity of the primary model, sometimes
yielding even better results than when applied directly to the proxy model.

4.2 Reusability of Proxy Update Signal

PUST decouples the exploration of update signals from the primary model. This decoupling allows the update
signals to be stored within a proxy model pair in the form of on-policy distributional differences, enabling the update
signals to be independently saved and reused. As shown in Table 3, the proxy model Qwen3-4B explores update
signals through 500 steps of GRPO training. These signals are inherently captured by the proxy pair comprising
Qwen3-4B Math (RL) and the base Qwen3-4B, and can be transferred to different primary models in an on-policy
manner. It can be observed that applying the exact same update signals to various primary models—namely
Qwen3-1.7B, Qwen3-4B, and Qwen3-8B—consistently yields performance improvements. In terms of training
steps, the cost of reusing update signals is substantially lower than the initial cost of exploring them, thereby
significantly enhancing the efficiency of the post-training phase. When transferring the signals to these three primary
models, we use a calibration coefficient of A\ = 1.0 in all cases.

4.3 Transitivity of Proxy Update Signal

The decoupling of update signals from the primary model not only enables their reusability but also allows them to
be transitively transferred across different primary models. As shown in Table 4, we first employ Qwen3-4B as the



Table 3: Mean@16 results of math benchmarks. Absolute scores and gains (A) over respective base models are
reported in parentheses. Bold+Teal indicates that the best gains. Update signal explored by one proxy model can be
transferred to different primary models in few training steps.

Model AIME 2024 AIME 2025 HMMT 25 (Feb) HMMT 25 (Nov)  AVG. ‘ Tg‘i‘e‘;)';’g
Update signal obtained by GRPO
Qwen3-4B Math (RL) 58.8 (+35.0) 55.8 (+33.7) 33.1 (+22.5) 38.3 (+304) 46.5 (+30.5) ‘ 500
Update signal transferred to different models
PUST (4B ﬂ = __.‘__ 1.7B) 36.5 (+223) 30.0 +17.7) 18.3 (+13.9) 17.5 +13.1) 25.6 (+16.7) 50
PUST (4B € — & 4B) 60.7 (+37.5) 55.0 (+32.9) 32.4 (+21.8) 37.9 (+30.0) 46.5 (+30.5) 50
PUST (4B € — & 8B) 62.5 (+38.1) 52.7 (+30.2) 34.2 (+21.9 40.4 (+30.4) 47.5 (+30.2) 50

Table 4: Mean @16 results of math benchmarks. Absolute scores and gains (A) over the base model are reported
in parentheses. The best and second best absolute scores are highlighted in bold and underline.

Model AIME 2024 AIME 2025 HMMT 25 (Feb) HMMT 25 (Nov) Average
Qwen3-8B (Base) 24.4 22.5 12.3 10.0 17.3

PUST (1.7B € — & 8B) 50.8 (+26.4) 42.1 +19.6) 22.9 (+10.6) 30.6 (+20.6) 36.6 (+19.3)
PUST (4B a — 2 8B) 62.5 (+38.1) 52.7 (+30.2) 34.2 (+21.9) 40.4 +30.4) 47.4 (+30.1)
PUST4B€ — 2 1.7B€— 28B) 60.6+362) 49.6 +27.1) 28.5 (+16.2) 36.7 (+26.7) 43.9 (+26.6)

proxy model to explore update signals and transfer them to Qwen3-1.7B. Subsequently, we transfer these signals
from Qwen3-1.7B to Qwen3-8B, resulting in the PUST (4B € — & 1.7B € — & 8B) model. Experimental
results demonstrate that even after successive transfers, the update signals still effectively enhance the performance
of the final primary model. However, it is worth noting that the update signals may experience a certain degree of
drift or deviation during this transitive process. Throughout the transfer process from the 4B model to the 1.7B
model and subsequently to the 8B model, we use the same calibration coefficient of A = 1.0.

4.4 Sensitivity Analysis of Proxy Models and Calibration Coefficients

Building on the previous experiments, we show
that proxy-explored update signals can improve
the primary model and be transferred or reused.
To study the transfer behavior, we conduct a sen-
sitivity analysis over model scale and calibration
coefficient. Specifically, we use Qwen3-1.7B
and Qwen3-4B as proxy models, train each with
GRPO on DeepMath103K for 500 steps, and
transfer the resulting signals to Qwen3-8B with
different calibration coefficients.’

® PUST (1.7B-8B), A *=1.57, R?=0.999 ¢ PUST (4B-8B), A *=1.08, R2=0.993
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As shown in Fig. 4, the best performance is not
achieved at A = 1.0 for either proxy model. The
optimal coefficients are A* = 1.08 for Qwen3-4B
and A* = 1.57 for Qwen3-1.7B, both greater than Calibration Coefficient (A)
1, which suggests that the signals should be down-

scal.ed during transfer. In addition, Qwen3-4B  Ejgyre 4: Sensitivity analysis on different proxy models and
achieves a higher peak score than Qwen3-1.7B,  calibration coefficients. Each curve is fitted to the experimental

indicating that different proxy models can pro- results using a cubic polynomial. A value of Ry closer to 1
duce signals of different quality. indicates a better fit.

o

T
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Although we obtain the best coefficient for each
proxy model via polynomial fitting, the relationship between the proxy and primary models varies across sampled
states. Exploring adaptive calibration coefficients is therefore an important direction for future work.

3Here we report the average results over all test sets; see Section B.2 for details.
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Figure 5: Mean@16 trajectories on AIME2024 and  Figure 6: A Pass@K (pass@k - pass@1) over the
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are extended to 400 steps based on converged-region  increases, accuracy steadily improves, indicating that
statistics (i.e. mean and std). more useful information is being extracted.

4.5 Comparison of Exploration Quality Between Proxy and Primary Models

The update signals explored by a proxy model improve the primary model, but an important question remains: how
large is the gap between signals explored by a proxy model and those explored directly by the primary model? To
answer this, we conduct a comparison on Qwen3-8B. The primary model is trained with GRPO for 400 steps on
DeepMath-103K. The proxy model Qwen3-4B is trained for 500 GRPO steps, while Qwen3-1.7B is trained in
two variants, with 500 and 800 GRPO steps, respectively. To account for the scale gap between proxy and primary
models, we use a calibration coefficient of A\ = 1.0 for Qwen3-4B and A = 1.5 for Qwen3-1.7B when transferring
update signals to Qwen3-8B. The mean@ 16 trajectories are shown in Fig. 5. Overall, signals explored by proxy
models remain slightly weaker than those discovered directly by the primary model, and larger proxy models tend
to transfer better.

Under the same training data and a comparable exploration budget, Qwen3-4B achieves performance close to
Qwen3-8B, suggesting diminishing returns from increasing model scale. Since the training data is fixed, the quality
of discoverable update signals is inherently bounded. Meanwhile, the 800-step Qwen3-1.7B model outperforms its
500-step counterpart, indicating that longer exploration improves signal quality. The results in Fig. 6 further support
this conclusion: with more exploration, smaller models can approach the performance of larger ones.

These results suggest that both training data and exploration strategy are critical to post-training performance.
Because PUST decouples signal exploration from the primary model, it enables more flexible strategies such as
multi-model and parallel exploration. In addition, signal reusability lowers the cost of exploration, making it more
practical to invest in stronger search over a fixed dataset.

5 Conclusion

In this work, we introduced Proxy-guided Update Signal Transfer (PUST), an asynchronous and highly reusable
framework for large language model post-training. By fundamentally decoupling the exploration of update signals
from the primary model being trained, PUST enables these signals to be independently extracted, cached, reused,
and seamlessly transferred across diverse target models. Systematic evaluations on the Qwen3 family across math
and code domains validate the efficacy of this approach. Crucially, our experiments demonstrate that update signals
explored by substantially weaker proxy models can effectively improve stronger primary models, with the transfer
intensity remaining flexibly adjustable via a calibration coefficient. Ultimately, PUST transforms post-training into
a highly modular, scalable, and cost-efficient paradigm, offering flexibility in signal exploration and alignment.

6 Discussion and Future Works

PUST provides a novel lens to revisit the relationship between training data and policy models. As illustrated in
Fig. 7, it abstracts post-training into two sequential processes: extracting environmental data into a transferable
signal, and subsequently applying this signal to a target primary model.

Update-Signal Extraction (Data / Environment — Transferable Update Signal):
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Figure 7: Revisiting the relationship between data/environment and models. By decoupling the exploration process
from the model, update signals can be stored and reused independently. To maximally compress the useful
information in the data, optimizing the exploration strategy of proxy models becomes a valuable research direction.
Moreover, the adaptive correction of update signals during transfer is crucial, as it directly affects transfer efficiency.

* Mechanism: This stage utilizes a proxy model to explore the environment via reward optimization. It functions
as task-specific information compression, distilling useful supervision from the data into reusable distributional
improvement signals.

* Bottleneck: Signal quality is intrinsically bounded by the data distribution, the proxy exploration strategy, and the
signal aggregation mechanism. Optimizing these factors, e.g., via multi-model parallel exploration or ensemble
multi-source voting, can significantly raise this upper bound.

* Advantage: Ultimately, this phase unlocks the highly efficient paradigm of “compressing once and reusing many
times.”

Adaptive Signal Transfer (Update Signal — Primary Model):

¢ Mechanism: This stage transfers the extracted signal to the primary model to realize policy optimization.

* Bottleneck: The primary challenge is the distributional gap between the proxy and primary models. Although
a constant calibration coefficient provides a solid baseline, variations in the dynamic trajectory, such as logit
overlap and local entropy, significantly affect transfer efficiency. Overcoming this requires trajectory-adaptive
calibration methods that dynamically adjust transfer intensity based on local distributional relationships.

* Advantage: Despite these challenges, this mechanism successfully enables robust cross-model transfer and high
signal reusability.

Overall, our framework demonstrates the theoretical and practical feasibility of asynchronous exploration and
the reusable transfer of update signals. We leave the design of stronger proxy exploration strategies and more
sophisticated adaptive calibration mechanisms as promising directions for future research.
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A Related Works

Post-training is a crucial stage in the development of large language models, and post-training
algorithms have advanced substantially in recent years [1]. Existing efforts have improved these
algorithms from different perspectives, aiming to enhance either training efficiency or final model
performance. In this section, we provide a high-level taxonomy and analysis of representative
approaches.

A.1 Reward Optimization

Reward-optimization methods constitute an important family of post-training algorithms. Early
approaches rely on reward models to provide feedback signals for policy optimization [20, 21, 22]. A
central focus of this line of work is improving the granularity and accuracy of reward signals. As
the feedback evolves from sequence-level rewards to step-wise rewards [23, 24, 25] and further to
token-level rewards [26, 27], the supervision becomes increasingly fine-grained, leading to improved
model performance. However, training reliable reward models requires a large amount of high-quality
data, which substantially increases the cost of post-training. Constructing training data with the
help of Al systems [28, 29] alleviates this burden to some extent and has therefore been widely
adopted. Nevertheless, these methods are typically PPO-like algorithms [2], which require loading
multiple models during training to stabilize variance and advantage estimation. GRPO [3] reduces this
cost by estimating stable advantages through group-wise relative comparisons, thereby significantly
lowering the training overhead. Despite these improvements, reward-optimization methods still
require on-policy autoregressive trajectory sampling, and each sampled trajectory must be evaluated.

A.2 Distribution Matching

Distribution-matching methods offer a different perspective. Since trajectory sampling is expensive
and trajectory evaluation imposes high demands on training data, these methods directly align distribu-
tions without explicitly optimizing over sampled trajectories. Supervised Fine-Tuning (SFT) [30] and
Knowledge Distillation (KD) [31, 32, 33, 34, 35] are two classical distribution-matching approaches:
they align the student model with a target distribution, using either hard targets or soft targets, to
improve student performance. DPO [36] further constructs an implicit target distribution from pairs
of preferred and dispreferred responses, thereby enhancing the model through preference-based
distribution alignment. However, these approaches are offline distribution-matching methods. While
they are efficient to train, they may suffer from distribution shift. OPD [4, 37, 17, 5, 38, 39] addresses
this issue with an online distribution-matching framework, aligning the student model with the teacher
model on trajectories sampled from the student itself. Although OPD still requires autoregressive
sampling, distribution-matching methods generally provide more precise credit assignment and thus
often converge within fewer training steps. Nevertheless, these methods all depend on access to a
stronger target distribution, which introduces an implicit and often substantial training cost.
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Table 5: Training hyper-parameters of PUST  Table 6: Training hyper-parameters of PUST

signal transfer on math domain. signal transfer on code domain.
Hyper-parameter Value Hyper-parameter Value
Train Batch Size 256 Train Batch Size 256
Rollout n 8 Rollout n 8
Max Prompt Length 1024 Max Prompt Length 2048
Max Response Length 16,384 Max Response Length 16,384
Temperature 1.0 Temperature 1.0
Top-p 1.0 Top-p 1.0
LR 1x10°¢ LR 1x10°¢
KL Coefficient 0.0 KL Coefficient 0.0

A.3 Weak-to-strong Signal Transfer

Weak-to-strong generalization studies whether supervision from weaker models can elicit stronger
capabilities from more capable target models [7]. Recent work extends this question to alignment and
reasoning, including scalable oversight or ensemble-based improvements [40], weakly supervised
reasoning incentives [41], and preference optimization that reuses implicit rewards from weak aligned
models [42]. Direct-OPD [8] is especially related to our setting: it transfers an RL-induced policy
shift from a weak model pair to stronger students rather than imitating the weak post-RL teacher’s
final policy. Our work shares the goal of transferring improvement signals across model scales, while
emphasizing proxy-guided signal extraction, cacheable and reusable update signals, and calibrated
transfer to different primary models.

Both reward optimization and distribution matching ultimately rely on a high-quality target distri-
bution. Moreover, as the base model becomes stronger, the requirements on the target distribution
become increasingly stringent, posing greater challenges to post-training efficiency and scalability. To
address this issue, we propose to decouple model optimization from the reward exploration process.
Specifically, we optimize the model by extracting and transferring training signals, enabling update
signals to be explored asynchronously, stored independently, and reused effectively. This design
improves the overall efficiency of post-training.

B Experiment Details

B.1 Implementation Details

Models and framework. All experiments are conducted on the Qwen3 family [9] (1.7B, 4B, 8B),
all operating in non-thinking mode. Our implementation is built upon verl [22], and all training is
performed on 8 xXNVIDIA A100 80GB.

Proxy exploration. The proxy experts are trained with GRPO until convergence; hyper-parameters
are listed in Table 7. We train on DeepMath-103K [18] for the math domain (filtered following prior
work) and on Eurus-RL-Code [19] for the code domain, using a rule-based verifiable reward (1 for
correct answers and O otherwise).

Signal transfer (PUST). The training hyper-parameters for signal transfer are summarized in
Table 5 (math) and Table 6 (code). The calibration coefficient X is set as described in Section 4.5.

Evaluation protocol. For math benchmarks, we report Mean@ 16 (the average accuracy over
16 independently sampled responses) across a comprehensive suite of eight datasets: AIME 2024,
AIME 2025, AIME 2026, CMIMC 2025, HMMT 2025 (Feb), HMMT 2025 (Nov), HMMT 2026
(Feb), and SMT 2025 [18]. Due to space constraints, the main text reports a representative subset of
four benchmarks, while the full results on all eight datasets are detailed in the appendix. For code
benchmarks, we report Mean@8 and strictly follow the evaluation scripts of [17].
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Figure 8: Gradient norm during GRPO training
of the proxy expert models.

Figure 9: Response length during GRPO training
of the proxy expert models.

Table 8: Mean@ 16 results on different math benchmarks of PUST (4B—8B). Performance compari-
son across different calibration coefficients A. The best results are highlighted in bold

A AIME 24 AIME25 CMIMC25 AIME26 HMMT 25 (Feb) HMMT 25 (Nov) SMT 25 HMMT 26 (Feb) AVG.
0 0 0 0 0 0 0 0 0 0

0.5 57.29 41.88 8.82 45.63 23.75 26.67 12.31 30.43 30.85
0.75 61.25 50.63 27.81 56.88 34.17 37.71 52.48 32.20 44.14
0.95 60.83 50.21 29.22 56.67 31.88 41.04 52.48 33.33 44.46
1.0 62.50 52.71 28.44 56.67 34.17 40.42 50.94 33.52 44.92
1.1 63.54 52.92 29.53 55.63 32.08 40.83 52.01 34.85 45.17
1.5 60.42 48.33 31.88 52.29 27.92 37.50 19.76 31.82 38.74

Proxy Expert Model Training Details To ensure that

Table 7: Training hyper-parameters of

the update signal transferred by PUST is both reliable and GRPO in math RL.
high-quality, we train each proxy expert model with GRPO
until full convergence, rather than terminating at a fixed Hyper-param. Value
budget. The complete set of training hyper-parameters is - -
summarized in Table 7, which we keep consistent across Train Batch Size 128
all proxy model scales. Micro Batch Size 128

. . .. . Rollout n 8
Figure 8 and Figure 9 present the training dynamics of the Max Prompt Length 2048
proxy experts (Qwen3-1.7B and Qwen3-8B) throughout
the GRPO process. As shown in Figure 8, the gradient Max Response Length 16,384
norm decreases steadily and stabilizes at a low plateau ~ lemperature 1.0
(~0.03) in the later training phase, indicating that the op- ~ Top-p 1.0
timization has reached a stable, converged regime. Mean- LR 1x10°°
while, Figure 9 shows that the response length grows and KL Coefficient 0.0

gradually saturates, reflecting that the model has devel-
oped stable reasoning behaviors rather than still actively evolving its output distribution. Together,
these curves confirm that our proxy experts are trained to convergence, providing a well-formed
update signal for cross-scale transfer.

B.2 Effect of the Calibration Coefficient \

As discussed in Section 3, the calibration coefficient A controls how strongly the primary model
compensates for the update it has already absorbed: a smaller A follows the proxy-induced direction
more aggressively, while a larger \ yields more conservative transfer. To understand its practical
effect, we sweep A when transferring update signals to the same 8B primary model from two proxy
experts of different scales: 4B proxy and 1.7B proxy. We report validation accuracy, policy entropy,
gradient norm, and training loss throughout transfer.

4B—8B transfer. Figures 10-13 and Table 8 show the training dynamics when the 4B proxy guides
the 8B model. All configurations improve rapidly in the early steps, but the smallest coefficient
(A = 0.5) is clearly too aggressive: its validation accuracy peaks early and then degrades, and its
entropy stays the lowest, indicating premature over-updating. Notably, setting A = 0 leads to a
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Table 9: Mean@ 16 results on different math benchmarks of PUST (1.7B—8B). Performance compar-
ison across different calibration coefficients A. The best results are highlighted in bold

A AIME24 AIME25 CMIMC25 AIME26 HMMT 25 (Feb) HMMT 25 (Nov) SMT25 HMMT 26 (Feb) AVG.
0.5 0 0 0 0 0 0 0 0 0
L0 4104 31.88 16.41 32.29 13.54 25.00 35.85 24.05 27.51
125 4771 38.33 23.75 43.13 20.83 31.88 42.93 28.79 34.67
15 5438 40.21 26.41 46.25 22.08 31.25 48.23 28.60 37.19
175 5167 39.17 25.47 43.13 22.50 30.00 44.10 29.55 35.70
20 4771 36.88 25.00 36.88 21.88 29.38 4222 28.98 33.61
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Figure 10: Mean@16 of Math Test under differ- Figure 11: Conditioned entropy of primary

ent calibration coefficient \ (4B € — & 8B).

model under different \ (4B € — & 8B).

complete performance collapse, which is likely due to the compensation coefficient being too low
to prevent over-optimization. In contrast, moderate-to-large coefficients (A € {0.75,0.95,1.0,1.5})
remain stable and converge to consistently higher accuracy, with entropy and gradient norm settling
into a smooth plateau. This suggests that a sufficient amount of calibration is needed to avoid
over-following the fixed proxy direction.
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Figure 12: Gradient norm under different cali-
bration coefficient \ (4B € — & 8B).

Training Steps

Figure 13: Training loss under different calibra-
tion coefficient A (4B € — & 8B).

1.7B—8B transfer. Figures 14—17 and Table 9 report the results when the signal comes from the
smaller 1.7B proxy. The overall accuracy is lower than in the 4B proxy case, which is expected
given the larger capability gap between proxy and primary. Here the trend with respect to A is even
sharper: the most conservative setting (A = 1.5) achieves the best and most stable accuracy, while
A = 0.5 directly leads to a performance collapse. This severe degradation further confirms that an
excessively low compensation coefficient cannot effectively regularize the noisier proxy direction,
requiring stronger calibration.

Across both settings, the training loss and gradient norm converge stably for all A, confirming that
the transfer objective is well-behaved. The key takeaway is that overly aggressive transfer (small \)
consistently hurts performance, and the optimal degree of calibration increases as the proxy—primary
gap widens.
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Figure 16: Gradient norm under different cali-
bration coefficient A (1.7B € — & 8B).
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