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ABSTRACT

Recent advances in Large Language Models (LLMs) have underscored the po-
tential of Reinforcement Learning (RL) to facilitate the emergence of reasoning
capabilities. Despite the encouraging results, a fundamental dilemma persists as
RL improvement relies on learning from high-quality samples, yet the explo-
ration for such samples remains bounded by the inherent limitations of LLM:s.
This, in effect, creates an undesirable cycle in which what cannot be explored
cannot be learned. In this work, we propose Rubric-Scaffolded Reinforcement
Learning (RuscaRL), a novel instructional scaffolding framework designed to
break the exploration bottleneck for general LLM reasoning. Specifically, Rus-
caRL introduces checklist-style rubrics as (1) explicit scaffolding for exploration
during rollout generation, where different rubrics are provided as external guid-
ance within task instructions to steer diverse high-quality responses. This guid-
ance is gradually decayed over time, encouraging the model to internalize the un-
derlying reasoning patterns; (2) verifiable rewards for exploitation during model
training, where we can obtain robust LLLM-as-a-Judge scores using rubrics as
references, enabling effective RL on general reasoning tasks. Extensive experi-
ments demonstrate the superiority of the proposed RuscaRL across various bench-
marks, effectively expanding reasoning boundaries under the Best-of-N evalua-
tion. Notably, RuscaRL significantly boosts Qwen2.5-7B-Instruct from 23.6 to
50.3 on HealthBench-500, surpassing GPT-4.1. Furthermore, our fine-tuned vari-
ant on Qwen3-30B-A3B-Instruct achieves 61.1 on HealthBench-500, outperform-
ing leading LLMs including OpenAl-o03.

1 INTRODUCTION

Large Language Models (LLMs) have demonstrated tremendous potential over a wide spectrum of
complex reasoning tasks, including legal analysis (Choi et al., 2021; Lai et al., 2024; Fei et al., 2023;
Trautmann et al., 2022), robotic manipulation (Driess et al., 2023; Zitkovich et al., 2023; Firoozi
et al., 2025; Zhou et al., 2023b), and software development (Anysphere, 2023; Fan et al., 2023; Hou
et al., 2024). However, advancing the general reasoning capabilities of LLMs remains a significant
challenge (Zhao et al., 2023; Huang & Chang, 2022). To address this, recent breakthroughs in
Reinforcement Learning with Verifiable Rewards (RLVR), as exemplified by DeepSeek-R1 (Guo
et al., 2025) and OpenAl-03 (OpenAl, 2025a), have proven that leveraging verifiable rewards as
feedback signals can successfully facilitate the emergence of sophisticated reasoning capabilities in
LLMs (Lambert et al., 2024; Yang et al., 2025; Kimi et al., 2025).

Despite the encouraging results, conventional RLVR tends to be more applicable to domains with
objectively verifiable answers. For instance, in areas such as mathematical proof (Ren et al., 2025;
Chen et al., 2025) and code generation (Qwen, 2025; Le et al., 2022), correctness can be explicitly
determined through formal proof verification or automated unit tests. In these contexts, the reward
signal is clear and well-aligned with the task objective, allowing RLVR to effectively guide models
toward correct solutions. Unfortunately, many real-world tasks like medical consultation (Lin et al.,
2025; Singhal et al., 2023; Zhang et al., 2023) and creative writing (Wu et al., 2025c¢; Franceschelli
& Musolesi, 2024) are inherently open-ended. These tasks often require multidimensional evalua-
tion and lack a single, verifiable ground-truth answer. To tackle this problem, several very recent
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Figure 1: (Left) A conceptual illustration of exploration bottleneck and scaffolding. (Right) Perfor-
mance comparison of different LLMs on HealthBench-500. Note that Qwen3-30B-Instruct denotes
Qwen3-30B-A3B-Instruct, and Qwen3-235B-Thinking denotes Qwen3-235B-A22B-Thinking.

concurrent works (Arora et al., 2025; Kimi et al., 2025; Gunjal et al., 2025; Viswanathan et al., 2025;
Huang et al., 2025; Dou et al., 2025) have explored rubric-based evaluation that decomposes desir-
able responses into checklist-style criteria (e.g., factuality, coherence, completeness). By leveraging
LLM-as-a-Judge to score each criterion and aggregating results into scalar rewards, rubrics provide
more stable and reliable feedback signals suitable for RLVR in open-ended domains.

Nevertheless, as shown in the left side of Figure 1, a fundamental exploration bottleneck remains as
RL requires high-quality samples to improve, yet exploration for such samples remains bounded by
the inherent capabilities of LLMs (Yue et al., 2025; Wu et al., 2025a; Liu et al., 2025b; Dong et al.,
2025). This creates an inevitable loop where the inability to explore restricts the ability to learn. A
growing line of work has attempted to enhance exploration in RLVR for LLMs (Liu et al., 2025b;a;
Dong et al., 2025; Zheng et al., 2025; Lei et al., 2025; Li et al., 2025; Cheng et al., 2025). However,
these methods largely bias the policy distribution toward high-reward responses already supported
by base models, rather than truly expanding its reasoning boundaries (Wu et al., 2025a). Worse still,
RL itself has a natural tendency to narrow the exploration space: policy entropy gradually collapses
during training, causing the model to converge toward a limited set of reasoning trajectories (Zhao
et al., 2025; Yue et al., 2025; Wu et al., 2025a; Yu et al., 2025; Liu et al., 2025b). This, in turn,
undermines the potential of RLVR to explore more diverse and higher-quality solutions.

In this work, we introduce Rubric-Scaffolded Reinforcement Learning, termed as RuscaRL, which
employs a novel instructional scaffolding framework to break the exploration bottleneck of RLVR.
Technically, RuscaRL leverages rubrics in two complementary ways: (1) Explicit scaffolding during
rollout generation. For each instruction, RuscaRL generates a group of candidate responses by using
rubrics as external guidance. We propose intra-group scaffolding differentiation to provide varying
levels of rubrics within each group, enabling diverse and high-quality responses. To further inter-
nalize underlying reasoning patterns, we use inter-step scaffolding decay to gradually remove the
scaffolding over training, thereby minimizing reliance on external guidance. (2) verifiable rewards
during model training. The model responses are assessed based on multiple criteria derived from
rubrics. For each criterion, we employ a Grader LLM that performs a binary evaluation (i.e., true
or false), determining whether the response satisfies that specific requirement. The outcomes are
then combined through aggregation to obtain a robust reward signal, facilitating effective RL across
different general tasks. Our main contributions are summarized as follows:

* We introduce instructional scaffolding as a novel paradigm in RLVR for LLMs, which pioneers the
integration of external guidance within task instructions to improve rollout diversity and quality,
thereby enabling more efficient exploration during RL.

* We propose Rubric-Scaffolded Reinforcement Learning (RuscaRL), an innovative RLVR frame-
work designed to break the exploration bottleneck, integrating checklist-style rubrics as both ex-
plicit scaffolding for exploration and verifiable rewards for exploitation.

» Extensive experiments demonstrate that RuscaRL yields results superior to state-of-the-art coun-
terparts. Notably, RuscaRL enables small LLMs (e.g., Qwen3-30B) to achieve performance on par
with leading LLMs (e.g., OpenAl-03) on HealthBench-500, as shown in the right side of Figure 1.
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2 RELATED WORKS

LLM Reasoning. While early methods like prompt engineering (Wei et al., 2022; Kojima et al.,
2022; Zhou et al., 2023a; Yao et al., 2023b;a) and supervised fine-tuning (Ouyang et al., 2022)
have yielded encouraging results, their reliance on task-specific prompts or extensive labeled data
limits their scalability and cross-domain generalization (Stiennon et al., 2020; Pornprasit & Tan-
tithamthavorn, 2024; Zhang et al., 2024b; Gao et al., 2023). Recent works have found that using
more test-time computation (Snell et al., 2024; Zhang et al., 2024a; Zuo et al., 2025) can improve
the reasoning performance of LLMs. More recently, RLVR (Lambert et al., 2024; OpenAl, 2025a;
Guo et al., 2025) has emerged as a promising paradigm for training LLMs to solve verifiable prob-
lems, showing strong reasoning improvements in domains like math and coding (Guo et al., 2025;
Qwen, 2025; Lambert et al., 2024; OpenAl, 2025a). However, it faces a significant exploration bot-
tleneck (Wu et al., 2025a; Yue et al., 2025; Liu et al., 2025b) and is difficult to extend to general
tasks where correctness is hard to verify (Gunjal et al., 2025; Kimi et al., 2025).

Rubric-based Methods. Rubrics are structured evaluation frameworks that decompose complex
assessment tasks into specific, verifiable criteria. To address general task evaluation, rubric-based
evaluation approaches have emerged across medical (Arora et al., 2025), code (Pathak et al., 2025),
and other domains (Fan et al., 2025; Galvan-Sosa et al., 2025; Winata et al., 2025). From the RL
perspective, such rubric-based scores can be viewed as a form of reward shaping that grounds learn-
ing in structured intermediate feedback and yields denser, more reliable, and more robust reward
signals (Ng et al., 1999; Randlgv & Alstrgm, 1998; Chan et al., 2024). Building upon these frame-
works, researchers apply rubrics as reward signals in RL (Kimi et al., 2025; Gunjal et al., 2025;
Viswanathan et al., 2025), using LLMs as graders to provide fine-grained feedback for tasks lacking
ground truth. This approach has shown promising results across LLM alignment (Dineen et al.,
2025), instruction following (Viswanathan et al., 2025), and open-ended QA (Gunjal et al., 2025;
Huang et al., 2025; Dou et al., 2025; Kimi et al., 2025).

Exploration in RL for LLMs. Existing RL methods face insufficient exploration in complex rea-
soning tasks, with policies trapped in local optima and reasoning boundaries collapsing (Wu et al.,
2025a; Yue et al., 2025; Liu et al., 2025b). Current solutions include prolonged training (Liu et al.,
2025b;a), entropy-based exploration (Dong et al., 2025; Zheng et al., 2025; Lei et al., 2025; Li et al.,
2025; Cheng et al., 2025), curriculum RL (Bengio et al., 2009; Zhang et al., 2025c; Parashar et al.,
2025; Gao et al., 2025), and external guidance (Zhang et al., 2025a; RRV et al., 2025), but these ap-
proaches fail to break the exploration bottleneck because they either explore within the initial policy
distribution or provide only coarse directional signals without structured intermediate guidance. In
particular, compared with MeRF (Zhang et al., 2025a), which merely injects a high-level reward de-
scription into the prompt as coarse motivational guidance, RuscaRL supplies checklist-style rubrics
that decompose the task into fine-grained, verifiable criteria and explicitly scaffold the reasoning
trajectory during rollouts. Curriculum learning (Bengio et al., 2009; Parashar et al., 2025; Li et al.,
2021; Surkov et al., 2022; Kim & Lee, 2024) reshapes the task distribution by scheduling easier ex-
amples before harder ones based on assumed difficulty, whereas RuscaRL keeps the task distribution
fixed and instead applies a curriculum only over rubric visibility, gradually decaying checklist scaf-
folding within each group to enable the policy to internalize these high-quality reasoning patterns.

3 PRELIMINARY

RL Algorithms for LL.Ms. We adopt Group Relative Policy Optimization (GRPO) (Shao et al.,
2024) as our core RL algorithm for training language models with rubric-based rewards. Unlike
Proximal Policy Optimization (PPO) (Schulman et al., 2017), GRPO eliminates the need for a value
model by using group-based advantage estimation. For each instruction ¢ ~ D, where D denotes
the distribution over the training dataset D, GRPO samples a group of G responses {01, 02, ...,0G}
from the old policy 7, and optimizes the policy mp by maximizing the following objective:

JGrPO (9> = EQNDa{Oi}?=1N”901d('|q)
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Figure 2: Overview of the RuscaRL framework. (a) Rubric as Verifiable Rewards for Exploitation:
checklist-style rubric criteria with associated points are used by an LLM-based grader to perform
criterion-wise binary judgments and aggregate the resulting scores into a scalar reward for each
response. (b) Rubric as Explicit Scaffolding for Exploration: the same rubrics are injected into
instructions as external guidance during rollout generation, with intra-group scaffolding differentia-
tion providing different levels of criteria to samples within a group and inter-step scaffolding decay
gradually reducing the amount of scaffolding over training.

where o; is a response sampled from the old policy 7, given instruction ¢, ¢ denotes the token
Togq (0i,¢19,05,<t)
the current policy and the previous policy, and ¢ is the clipping coefficient (Schulman et al., 2017).
The group-relative advantage is computed as:

position within response o;, p; (6) = is the token-level importance ratio between

- () >
std ({r; }jzl )

where r; is the reward for response o0;, and the advantage is normalized using the mean and standard
deviation of the G sampled rewards.

4 METHODOLOGY

To address the exploration bottleneck problem, we propose the RuscaRL framework, as illustrated
in Figure 2. RuscaRL leverages rubrics in two complementary ways: (1) Explicit scaffolding dur-
ing rollout generation, where the model generates candidate responses using rubrics as external
guidance with intra-group differentiation and inter-step decay (Section 4.2); (2) Verifiable rewards
during model training, where responses are assessed based on multiple criteria derived from rubrics
through binary evaluation and aggregation (Section 4.3). In the following, we first introduce the
basic concept of rubrics, then detail these two core components.

4.1 RUBRIC-BASED EVALUATION SYSTEM

Evaluating complex and open-ended tasks is inherently challenging, as responses often differ in
structure, style, and content, making it difficult for rule-based evaluation to provide reliable assess-
ments. To address this gap, recent work (Arora et al., 2025) has proposed rubric-based evaluation,
which specifies fine-grained, multi-dimensional criteria that can be applied at scale. This design
combines the objectivity of automatic metrics with the principled guidance of structured standards,
yielding robust scores that better capture response quality, coherence, and completeness.

Formally, a rubric R = {c;,¢ca,...,cn} is defined as a set of IV verifiable criteria. Each criterion
c; is specified by a clear description and corresponding points p; indicating its contribution to the
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overall evaluation. We define the point vector as p = [p1,pe,...,pn]. For example, given the
instruction “Can you introduce the idea of reinforcement learning?”, criteria may include: “step-by-
step analysis with complete structural logic” (+3 points), “explain key elements: agent, environment,
reward” (+6 points), and negative items like “‘confuse environment and reward roles in explanation”
(-7 points). Points are added or subtracted depending on whether each criterion is satisfied.

Given an instruction ¢ and its corresponding rubric R both sampled from the data distribution D,
and a model response o generated through the policy model 7y (0|q), we first construct a judge
prompt for each criterion ¢; by combining the instruction ¢, response o, and criterion c;. The judge
prompt template for the grader is provided in Appendix D.1. For a single criterion evaluation, the
grader function G implemented by a LLM (Zheng et al., 2023b; Gu et al., 2024) takes the judge
prompt as input and outputs a binary decision b; = G(q, 0, ¢;) € {0, 1} indicating whether criterion
c; 1s satisfied (true or false). Extending this to the full rubric, the grader evaluates all criteria and
produces a binary indicator vector b = G(q,0,R) = [b1,ba,...,bx] where each b; represents
the satisfaction of criterion ¢;. The final score vector is obtained by element-wise multiplication:
s =b o p = [bip1,bapa, ..., bypn], providing fine-grained score across all specified criteria. We

also compute the total possible score Siytq; = Z;Vil p; where M is the number of positive-point
criteria, which will be used for normalization in the reward calculation.

4.2 RUBRIC-BASED SCAFFOLDING MECHANISM FOR RL EXPLORATION

During RL training on complex reasoning tasks, models often fail to sustain effective explo-
ration (Wu et al., 2025a; Yue et al., 2025; Liu et al., 2025b): initial randomness quickly diminishes,
policy entropy collapses, and the model prematurely converges to suboptimal reasoning patterns.
This collapse severely limits the discovery of diverse and high-quality solution trajectories.

To mitigate this issue, we draw inspiration from instructional scaffolding theory in educational psy-
chology (Vygotsky & Cole, 1978). According to Vygotsky’s Zone of Proximal Development, when
learners’ capabilities are insufficient, they benefit from structured guidance to bridge the gap be-
tween current ability and target performance. As competence grows, this scaffolding should be
gradually withdrawn to foster independent problem-solving (Wood et al., 1976).

Building on this insight, we design a rubric-based scaffolding mechanism that provides varying num-
bers of rubric criteria as explicit guidance throughout the training process, helping models gradually
learn to generate high-quality responses. Specifically, our rubric-based scaffolding mechanism aug-
ments the original policy function by adding a subset of rubric criteria R g as additional guidance,
representing the policy as mg(o|q, Rs). The specific prompt template for incorporating scaffold-
ing is detailed in Appendix D.2. Additionally, we design a two-dimensional control mechanism to
determine the rubrics scaffolding ratio Ag, and then sample criteria from the complete rubric set
R to form Rg, i.e., [Rs| = round(Ag x |R|). We instantiate this mechanism in two dimensions:
intra-group Scaffolding differentiation and inter-step Scaffolding decay.

Intra-Group Scaffolding Differentiation. In RL algorithms with multi-sampling, such as GRPO,
computing group-relative advantages (Eq. 2) requires response diversity to avoid collapse into ho-
mogeneous samples. To this end, we assign different levels of rubric scaffolding within each group,
encouraging both guided and independent exploration. Concretely, we define a group-level ratio
vector Agroup = [A1, A2, ..., Ag] where \; = g:i for the i-th sample in the group of size G. This
linear differentiation ensures that some samples benefit from stronger scaffolding while others are
deliberately exposed to weaker guidance, thereby enhancing intra-group diversity.

Inter-Step Scaffolding Decay. Inspired by instructional scaffolding theory, we gradually reduce
guidance as the model develops independent learning strategies using a sigmoid function Agep, () =
HTM, where ¢ is the current training progress (¢ € [0, 1)), to is the midpoint, and « controls
the steepness of decay. This mechanism prevents overfitting to external guidance by creating an
adaptive learning environment where the model initially benefits from guidance to overcome the
exploration bottleneck, then gradually transitions to independent reasoning as capabilities mature.

Integrated Scaffolding Mechanism. Finally, we combine intra-group differentiation and inter-step
decay into a unified ratio vector:

)\S = /\step (t) X Ag?"()up = P‘S,l) /\S,Z7 L) /\S,G} ) (3)
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where Agi = Astep(t) X \; = m x =L represents the scaffolding ratio for the i-th sample

in the group. This integrated mechanism simultaneously promotes response diversity within each
group and adaptively reduces reliance on scaffolding across training steps, jointly addressing the
problems of homogeneity and overfitting.

4.3 RUBRIC-BASED REWARD FUNCTION FOR RL EXPLOITATION

To provide robust and reliable reward signals for general reasoning tasks, we design rubric-based
reward functions. The multi-dimensional score vector s = [s1, S2, . .., ] obtained from the eval-
uation system is aggregated into a final scalar reward by directly summing all criterion scores and
normalizing by the total possible score computed in Section 4.1:

N .
S — D i1 Si
= 75 ,
total

“4)

where S represents the final score, s; is the score of the i-th criterion, and St is the total possible
score of all positive-point criteria computed in Section 4.1. This calculation method results in scores
that fall within the interval [0, 1] in most cases, with occasional negative scores possible. We directly
adopt this rubric-based score .S as our reward: r; = .S;, where r; is the reward for the i-th response.
This approach enables application to open-ended tasks without ground truth answers while providing
more robust assessment than holistic LLM scoring.

Once the rubric-based rewards are obtained, we employ them to train the policy model using RL
algorithms. The training process follows the policy gradient framework, where the model learns
to maximize the expected reward. Algorithm 1 in Appendix A outlines the complete training pro-
cedure. Additionally, to help the model better internalize underlying reasoning patterns, the log
probability computation in training is based on 7y (0;+|q, 0; <¢) rather than mg(0; ¢|q, Rs, 0i <t)-
For detailed analysis on importance sampling, see Appendix C.5.

5 EXPERIMENTS

To demonstrate the effectiveness of the proposed RuscaRL method, we conduct experiments across
multiple benchmarks spanning medical, writing, instruction following, and STEM domains. Our
experiments seek to answer the following questions: (1) Does RuscaRL demonstrate consistent
effectiveness across different models and tasks, and how does it compare against existing fine-tuning
methods? (Section 5.2 and Appendix C.1, C.2, C.3) (2) How does RuscaRL break the exploration
bottleneck in RL for LLM reasoning? (Section 5.3 and Appendix C.4) (3) What is the impact of
different components in the rubric-based scaffolding mechanism? (Section 5.4 and Appendix C.5)

5.1 EXPERIMENTAL SETUPS

Models and Training Settings. We use multiple initial models from different series and parame-
ter scales for our experiments, including both instruct models and base models from the Qwen2.5
series (Yang et al., 2024), the Qwen3 series (Yang et al., 2025), and the Llama-3 series (Meta-Al,
2025; Grattafiori et al., 2024). All models are trained using the GRPO algorithm on the verl frame-
work (Sheng et al., 2025). Detailed training settings are provided in Appendix B.1.

Evaluation Benchmarks. We use HealthBench-500, a randomly selected subset of 500 samples
from HealthBench (Arora et al., 2025), as our held-out evaluation set. Additionally, we evaluate
on other medical benchmarks including LLMEval-Med (Zhang et al., 2025b), MedQA (Jin et al.,
2021), and MedMCQA (Pal et al., 2022). For the Writing domain, we use WritingBench (Wu et al.,
2025¢) and Creative Writing v3 (Paech, 2025) benchmarks. For the Instruction Following domain,
we use IFEVAL (Zhou et al., 2023c) and IFBench (Pyatkin et al., 2025) benchmarks. For the STEM
domain, we use GPQA-Diamond (Rein et al., 2024), MMLU (Hendrycks et al., 2020), MMLU-
Pro (Wang et al., 2024), MATH-500 (Lightman et al., 2023), AMC 2023', AIME 2024, and AIME
20257. Detailed evaluation settings are provided in Appendix B.2.

"https://huggingface.co/datasets/knoveleng/ AMC-23
Zhttps://artofproblemsolving.com/wiki/index.php/AIME _Problems_and_Solutions
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Table 1: Main results comparison with closed-source and open-source models across different
benchmarks. The best results in each box are highlighted in bold.

Model Medical Writing Instruction Following
odel
HealthBench-500 LLMEval-Med MedQA MedMCQA WritingBench Creative Writing IFEVAL IFBench
Closed ce and Op ce Models
OpenAl-03 59.8 78.9 96.0 84.7 71.7 81.4 91.6 67.8
GPT-4.1 479 71.2 924 80.0 69.0 79.0 87.0 372
gpt-0ss-20b 425 68.8 85.6 68.1 66.6 394 835 48.7
Rubicon-Preview 50.8 73.2 85.1 70.7 73.0 66.4 824 334
Our Models

Qwen3-30B-A3B-Instruct 46.8 71.4 842 71.3 78.4 74.4 83.0 31.9

+ RuscaRL 61.1 (+14.3) 73.0 (+1.6) 84.8 (+0.6) 719 (+0.6) 79.2 (+0.8)  74.3(-0.1) 84.5 (+1.5) 32.1(+0.2)
Qwen3-30B-A3B-Base 114 433 73.6 65.1 36.8 35.8 39.0 133

+ RuscaRL 48.3 (+36.9) 60.9 (+17.6) 71.3(-2.3) 654 (+03) 59.0 (+22.2)  46.0 (+10.2) 76.3 (+37.3) 30.3 (+17.0)
Qwen2.5-7B-Instruct 23.6 479 61.8 56.3 453 374 71.0 26.8

+ RuscaRL 50.3 (+26.7) 61.2 (+13.3) 63.5(+1.7) 56.5(+0.2) 563 (+11.0)  38.6 (+1.2) 753 (+4.3) 31.0(+4.2)
Qwen2.5-7B 8.2 28.2 55.3 55.0 235 30.3 32.0 14.5

+ RuscaRL 46.2 (+38.0) 47.8 (+19.6) 582 (+2.9) 55.6 (+0.6) 45.8(+22.3) 34.8 (+4.5) 56.2 (+24.2) 25.9 (+11.4)
Llama-3.1-8B-Instruct 12.4 29.8 66.8 58.0 36.7 445 72.6 22.6

+ RuscaRL 46.0 (+33.6) 46.3 (+16.5) 70.7 (+3.9) 60.7 (+2.7) 52.7(+16.0)  54.2 (+9.7) 79.7 (+7.1) 31.1 (+8.5)
Llama-3.1-8B 0 9.1 369 359 12.9 263 18.1 11.6

+ RuscaRL 25.8 (+25.8) 29.5(+20.4)  49.7 (+12.8) 454 (+9.5) 35.6 (+22.7)  33.3 (+7.0) 55.6 (+37.5) 21.4 (+9.8)

Baselines. We compare RuscaRL against four representative baseline methods: (1) Rubric-based
RL: A rubric-as-reward RL ablation baseline implemented with the GRPO algorithm using rubric
scores as rewards, corresponding to Rubric as Verifiable Rewards for Exploitation without scaffold-
ing mechanisms. (2) Rubric-based RL with full scaffolding (Rubric-based RL-S): A method that
provides all rubrics with scaffolding support in the instruction, without intra-group differentiation
and without an inter-step decay function. (3) SFT: Fine-tuned on GPT-4.1 (OpenAl, 2025b) demon-
strations generated with scaffolding support. (4) SFT + Rubric-based RL: A combination approach
that first applies SFT and then applies rubric-based RL training.

5.2 OVERALL PERFORMANCE

RuscaRL achieves consistent and notable gains across
tasks and model scales, showcasing its effectiveness
and broad generalization.  Across medical, writ-
ing, and instruction-following tasks (Table 1), RuscaRL
achieves significant gains over multiple initial models,

B Initial
60,0 ™ RuscaRL
2]

with Qwen3-30B-A3B-Instruct on HealthBench-500 sur- oo B2
passing many leading models (e.g., OpenAl-03). It is mll =
worth noting that our training data consists entirely of N W@P‘ q,@i)
open-ended tasks, whereas MedQA and MedMCQA are @‘o @‘o
closed-ended multiple-choice benchmarks. Our improve- » oW

ments on these closed-ended benchmarks are marginal

and are included only to demonstrate cross-task gener- Figure 3: STEM Benchmarks.
alization rather than to claim major gains. Notably, Rus-

caRL is particularly effective on instruct models and provides larger benefits for weaker models,
such as Llama-3.1-8B-Instruct. This advantage stems from our scaffolding approach, which lever-
ages the model’s existing instruction-following ability to elicit higher-quality and more diverse
responses, explaining why RuscaRL is especially well-suited for training on models with strong
instruction-following capacities. Meanwhile, RuscaRL has also been successfully extended to the
STEM domain: experiments on Qwen2.5-7B-Instruct show consistent performance improvements
across all STEM benchmarks (see Figure 3). More detailed results about performance across differ-
ent model series and scales are provided in Appendix C.1, which further demonstrates the robustness
and broad applicability of our approach. Additionally, we explore the effects of mixing training data
from different domains in Appendix C.2.

RuscaRL consistently outperforms Rubrics-based methods across tasks. As shown in Table 2,
in the direct RL setting, RuscaRL achieves the best performance on most medical, writing, and
instruction-following tasks, delivering larger and more stable gains than Rubric-based RL and RL-S
(e.g., 50.3 vs. 41.2 and 36.6 accuracy on HealthBench-500 with Qwen2.5-7B-Instruct). In the SFT-
then-RL setting, both RuscaRL and Rubric-based RL achieve additional improvements over SFT,
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Table 2: Performance comparison of different baseline methods and RuscaRL across multiple do-
mains. Bold indicates the best performance of each method.

Method Medical Writing Instruction Following
ethot
HealthBench-500 LLMEval-Med MedQA  MedMCQA WritingBench Creative Writing IFEVAL IFBench
Qwen2.5-7B-Instruct
Initial 23.6 479 61.8 56.3 453 374 71.0 26.8
Rubric-based RL 41.2 (+17.6) 54.6 (+6.7) 62.1 (+0.3) 563 (+0.0)  53.7 (+8.4) 38.8 (+1.4) 75.1 (+4.1)  29.3 (+2.5)
Rubric-based RL-S 36.6 (+13.0) 56.1 (+8.2) 579 (-3.9) 52.4(-3.9) 458 (+0.5) 38.3 (+0.9) 719 (+0.9)  28.6 (+1.8)
RuscaRL (Ours) 50.3 (+26.7) 61.2 (+13.3) 63.5 (+1.7) 56.5(+0.2) 56.3 (+11.0) 38.6 (+1.2) 75.3 (+4.3) 31.0 (+4.2)
SFT 38.3 (+14.7) 52.6 (+4.7) 60.8 (-1.0) 57.3(+1.0) 62.8(+17.5) 453 (+7.9) 752 (+4.2) 252(-1.6)
SFT + Rubric-based RL  55.1 (+31.5) 58.5 (+10.6) 59.7 (-2.1) 56.4 (+0.1)  66.7 (+21.4) 43.6 (+6.2) 82.1 (+11.1) 29.6 (+2.8)
SFT + RuscaRL (Ours) 56.9 (+33.3) 58.8 (+10.9) 61.6 (-0.2) 56.9 (+0.6) 66.8 (+21.5) 43.9 (+6.5) 82.5 (+11.5) 30.6 (+3.8)
Qwen2.5-7B
Initial 8.2 28.2 553 55.0 235 30.3 32.0 14.5
Rubric-based RL 41.9 (+33.7) 46.5 (+18.3) 48.2(-7.1) 499 (-5.1) 402 (+16.7) 33.8 (+3.5) 53.4 (+21.4) 255 (+11.0)
Rubric-based RL-S 21.7 (+13.5) 44.4 (+16.2) 60.3 (+5.0) 55.5(+0.5) 43.9 (+20.4) 25.7 (-4.6) 52.3(+20.3) 20.4 (+5.9)
RuscaRL (Ours) 46.2 (+38.0) 47.8 (+19.6) 58.2(+2.9) 55.6 (+0.6) 45.8 (+22.3) 34.8 (+4.5) 56.2 (+24.2) 25.9 (+11.4)
SFT 322 (+24.0) 40.0 (+11.8) 56.5 (+1.2) 54.4(-0.6) 56.6 (+33.1) 42,5 (+12.2) 69.7 (+37.7) 20.8 (+6.3)
SFT + Rubric-based RL  36.4 (+28.2) 39.7 (+11.5) 57.1 (+1.8) 54.1(-0.9) 57.1 (+33.6)  43.2(+12.9) 71.6 (+39.6) 23.7 (+9.2)
SFT + RuscaRL (Ours)  35.4 (+27.2) 42.7 (+14.5) 582 (+2.9) 55.1 (+0.1) 57.4(+33.9)  42.6 (+12.3) 72.0 (+40.0) 23.1 (+8.6)

with RuscaRL generally yielding larger gains across most tasks, though the magnitude is smaller
than in the direct RL setting. We argue that RuscaRL essentially leverages rubrics as prior knowl-
edge to guide exploration, while SFT also serves to accelerate RL exploration (cold start). Since both
mechanisms overlap in facilitating exploration, this may explain why the performance gap between
RuscaRL and Rubric-based RL narrows under the SFT-then-RL setting.

5.3 ANALYSIS

In this subsection, we conduct an analysis of RuscaRL using Qwen2.5-7B-Instruct as the initial
model and HealthBench as the training and evaluation dataset. In addition, we compare three ap-
proaches in the following analysis: RuscaRL, RuscaRL* (RuscaRL without the inter-step decay
mechanism), and Rubric-based RL. We use the Best-of-N> metric to reflect both the model’s rea-
soning boundaries (at large N) and sampling efficiency (at small N).

RuscaRL significantly improves sampling efficiency

and reasoning boundaries. As shown in Figure 4, 100
RuscaRL significantly improves single-sample quality
at N=1, indicating that the scaffolding mechanism ef-
fectively enhances the model’s reasoning stability. At
N=2048, its performance ceiling surpasses both the initial
model and Rubric-based RL, validating its advantage in
expanding the reasoning boundary. Moreover, RuscaRL
exhibits a steeper performance curve across N, meaning
it can achieve the same performance with fewer sam-
ples. Further analysis (Appendix C.4.1) indicates that
RuscaRL also produces highly novel responses that the Figure 4: Best-of-N Performance.
initial model could barely generate, showing that rubric

scaffolding effectively breaks the exploration bottleneck and discovers new solutions.
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RuscaRL achieves exploration-exploitation balance. As shown in Figure 5a, RuscaRL demon-
strates a well-balanced exploration—exploitation trajectory: policy entropy first rises as the model
explores diverse reasoning trajectories, then declines as it converges to high-quality patterns. In
contrast, RuscaRL* suffers from uncontrolled entropy growth leading to instability, while Rubric-
based RL collapses under continuous entropy decline. Validation accuracy (Figure 5b) consistently
shows RuscaRL achieving the best performance throughout training, demonstrating long-term sta-
bility without policy entropy collapses, followed by Rubric-based RL and then RuscaRL*. Similar
trends are observed in Self-BLEU and Semantic Distance (Appendix C.4.2), confirming that Rus-
caRL achieves effective exploration followed by stable exploitation.

3For cost considerations in the Best-of-N evaluation, we use Qwen3-32B (non-thinking) as the Grader LLM.
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Figure 5: Training dynamics. The figure shows the evolution of policy entropy, validation accuracy,
and sigmoid decay function during training.

5.4 ABLATION STUDIES

Intra-group Differentiation Analysis. We first analyze different strategies for the intra-group con-
trol mechanism using Qwen2.5-7B-Instruct as the initial model and HealthBench as the training
and evaluation dataset. Within individual sampling groups, we compare different rubric scaffolding
differentiation patterns. These mechanisms are: (1) Linear (Ours): Linear differentiation pattern
following our proposed formula g:i, providing different levels of rubric scaffolding to different
samples within a single sampling group. (2) Binary: Binary differentiation patterns where N repre-
sents the number of samples with full rubric scaffolding within a single sampling group, including
configurations such as no-scaffolding (N=0), half-scaffolding (N=4), and full-scaffolding (N=8).

As shown in Figure 6a, the linear differentiation strategy performs optimally in intra-group control.
This result can be attributed to the linear strategy’s significant enhancement of sampling diversity,
which works synergistically with multi-sampling algorithms like GRPO.

Inter-step Decay Analysis. We analyze different decay functions for inter-step control during train-
ing. We define the base scaffolding intensity of inter-step control as f(t), where t is the normalized
training progress (¢t € [0, 1]). We compare the following decay functions: (1) Sigmoid (Ours): S-
shaped decay function f(t) = m where parameter « controls the steepness of decay and ¢
controls the midpoint of decay, achieving smooth nonlinear transitions. (2) Constant: Constant con-
trol f(¢) = 1, maintaining constant full scaffolding. (3) Linear: Linear decay function f(¢) = 1—¢,
achieving uniform linear decrease. (4) Power (n): Power decay function f(t) = (1 — t)", where n
controls the curvature of decay, including various power configurations.

As shown in Figure 6b, the sigmoid decay function achieves the best performance among all decay
strategies. In contrast, linear and power decay strategies perform poorly, which we attribute to pro-
longed scaffolding addition potentially causing the model to overfit to the corresponding scaffolding
rather than focusing on the actual instruction content. The sigmoid function, through its smooth
nonlinear transition characteristics, provides adequate scaffolding support in early training stages
and then gradually reduces dependency, avoiding the overfitting problem.

Based on the superior performance of the sigmoid function, we further analyze the effects of both
parameter dimensions (speed « and midpoint ¢p) using Qwen2.5-7B-Instruct as the initial model
and HealthBench as the training and evaluation dataset. Figures 6¢ and 6d demonstrate the per-
formance differences across various sigmoid parameter configurations, ultimately determining the
optimal configuration as a = 125,¢9 = 0.2. (1) Removing scaffolding too fast (large o) prevents
the model from adapting to rapid scaffolding changes, easily causing training instability; while re-
moving scaffolding too slowly (small «) leads to incomplete early-stage scaffolding, failing to fully
stimulate the model’s exploration capability, and prolonged retention of scaffolding in later stages
also causes overfitting issues. (2) Starting decay too early (small ¢y) leads to insufficient scaffolding
support, causing the model to lack necessary guidance in early training stages; while starting decay
too late (large to) causes the model to over-rely on scaffolding, ultimately resulting in overfitting.
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Figure 6: Ablation studies on RuscaRL framework components. (a) Intra-group differentiation
strategies comparison; (b) Inter-step decay functions comparison; (c) Sigmoid parameter steepness
of decay « sensitivity analysis with fixed £y, = 0.2; (d) Sigmoid parameter midpoint of decay g
sensitivity analysis with fixed o = 125.

6 CONCLUSION AND DISCUSSION

In this work, we apply instructional scaffolding theory from educational psychology to RL for
LLMs, and introduce RuscaRL, a novel instructional scaffolding framework that breaks the ex-
ploration bottleneck for general LLM reasoning tasks. RuscaRL leverages checklist-style rubrics
through scaffolding mechanisms that provide gradually decaying external guidance and reward func-
tions that enable robust RL training. The rubric-based scaffolding mechanism provides external
guidance that gradually decays to encourage internalization, while the rubric-based reward func-
tion enables robust evaluation for effective RL training. Extensive experiments demonstrate that
RuscaRL consistently outperforms strong baseline methods and achieves competitive results com-
pared with leading models. Furthermore, the model fine-tuned with RuscaRL produces highly novel
responses that the initial model could barely generate.

While RuscaRL demonstrates promising results in breaking the exploration bottleneck for general
LLM reasoning, several limitations remain that highlight directions for future research. Our ap-
proach critically relies on high-quality, well-structured rubric datasets, which are still scarce in the
community, and is highly sensitive to rubric design quality. Poorly designed rubrics may fail to pro-
vide robust reward signals due to unreasonable point allocations or conflicting criteria, while narrow
rubrics may limit the scaffolding process’s ability to generate diverse, high-quality responses. The
success of RuscaRL underscores the urgent need for broader community investment in construct-
ing open, diverse, and domain-rich rubric datasets. Our future work includes developing pipelines
for high-quality rubric data production, exploring rubric-based natural language feedback strategies,
and investigating applications to multi-modal tasks and agent systems.

REPRODUCIBILITY STATEMENT

To ensure the reproducibility of our work, we have made efforts to provide the necessary details
for replicating our results. Experimental settings and implementation details are documented in Ap-
pendix B. The complete prompt templates used in our experiments are provided in Appendix D.
Additionally, we include our code as supplementary materials, which contains scripts and configu-
rations needed to reproduce the experimental results presented in this paper.
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A ALGORITHM PSEUDOCODE

Algorithm 1 provides the complete pseudocode for our RuscaRL training procedure, illustrating the
key components including intra-group scaffolding differentiation, inter-step scaffolding decay, and
rubric-based reward computation.

Algorithm 1 RuscaRL Algorithm

1: Input: Policy model 7y, data distribution D, grader model G

2: Initialize: Reference policy 7 .f < 7o

3: for each training iteration ¢ do

4:  for each (¢, R) ~ D do

5: Compute scaffolding ratio vector: Ag = Astep(t) X Agroup
6: fori =1to G do
7.
8

Sample rubric subset Rg C R based on Ag ;
: Generate response: o; ~ 7g(+|q, Rs)
9: end for

10: for each response o; do
11: Evaluate with grader: b; = G(q,0;, R)
12: Compute score vector: s = b © p
N
13: Compute reward: S = %
14: end for o
15: Compute advantages based on rewards
16: Update policy model 7
17:  end for
18:  Update scaffolding step ratio: Aszep(t)
19: end for

20: Return: Trained policy g

B DETAILED EXPERIMENTAL SETTINGS

B.1 DETAILED TRAINING SETTINGS

Initial Models. We conducted training on models across different series and parameter scales,
including the Qwen2.5 series (Qwen2.5-3B-Instruct, Qwen2.5-7B-Instruct, Qwen2.5-7B, Qwen2.5-
32B-Instruct, and Qwen2.5-32B), the Qwen3 series (Qwen3-4B-Instruct-2507, Qwen3-4B-Base,
Qwen3-30B-A3B-Instruct-2507, and Qwen3-30B-A3B-Base), and the Llama-3 series (Llama-3.1-
8B-Instruct, Llama-3.1-8B, and Llama-3.2-3B-Instruct).

Training Datasets. For the medical domain, we use the remaining 4500 samples from HealthBench
after excluding HealthBench-500. For the other domains, we generate HealthBench-like rubrics data
by calling GPT-4.1 (OpenAl, 2025b) with specific prompts detailed in Appendix D.3. For the writing
domain, we combine LongWriter-6k (Bai et al., 2024) and LongWriter-Zero-RLData (Wu et al.,
2025b) datasets. For the instruction following domain, we use IF-multi-constraints-upto5 (Pyatkin
et al., 2025) dataset. For the STEM domain, we use SCP-116K (Lu et al., 2025) and MATH training
datasets (Level 3-5) (Hendrycks et al., 2021).

Training Configurations. This section provides detailed training configurations, as shown in Ta-
ble 3. All models share identical hyperparameters except for the ¢y parameter in the sigmoid decay
function. Specifically, Qwen3-30B-A3B-Instruct and Qwen3-30B-A3B-Base use tg = 0.1, Llama-
3.1-8B-Instruct and Llama-3.1-8B use ty = 0.15, Llama-3.2-3B-Instruct uses tg = 0.3, and the re-
maining models (Qwen2.5-3B-Instruct, Qwen2.5-7B-Instruct, Qwen2.5-7B, Qwen2.5-32B-Instruct,
Qwen2.5-32B, Qwen3-4B-Instruct-2507 and Qwen3-4B-Base) use ty = 0.2.

B.2 DETAILED EVALUATION SETTINGS

For medical benchmarks (HealthBench-500 and LLMEval-Med), we employ GPT-4.1 as the judge
model. For writing benchmarks (WritingBench and Creative Writing v3), we employ Claude-
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Table 3: RuscaRL training configuration (Qwen2.5-7B-Instruct).

Category  Configuration

Inter-step Scaffolding Decay: Step Sigmoid (« = 125, ty = 0.2)
Intra-group Scaffolding Differentiation: Linear

Grader Model: Qwen3-32B (non-thinking)

RL Algorithm: GRPO

Backbone Model: Qwen2.5-7B-Instruct

RuscaRL

Temperature: 0.7

Top-P: 0.8, Top-K: 20

Rollout Samples per Prompt: 8
Max Response Length: 4096

Optimizer: Adam
Learning Rate: 1 X 1076 (Constant)
Training Batch Size: 64

Training Mini Batch Size: 32
KL Loss Coefficient: 1 x 1073
Entropy Coefficient: 0
Epochs: 5

Hardware GPUs: 8 x H200

Sampling

Sonnet-4 as the judge model. Our generation parameters are set to Temperature=0.7, Top-P=0.8,
and Top-K=20 across all evaluations. The maximum output length is configured as 4096 tokens
for non-writing tasks and 16000 tokens for writing tasks. For IFEVAL and IFBench, we report
the prompt-level strict-accuracy metric. We report single evaluation results for HealthBench-500,
LLMEval-Med, and WritingBench, while for MedQA, MedMCQA, Creative Writing v3, IFEVAL,
IFBench, GPQA-D, MMLU, MMLU-Pro, MATH-500, AMC 2023, AIME 2024, and AIME 2025,
we report the average of three runs. All scores are converted to a percentage scale for reporting.

We also compare against other models, including closed-source models (OpenAl-03 (OpenAl,
2025a), GPT-4.1 (OpenAl, 2025b), Gemini-2.5-Pro (Google, 2025)) and open-source models
(DeepSeek-R1-0528 (Guo et al., 2025), Qwen3-235B-Thinking-2507 (Yang et al., 2025), Kimi-K2-
Instruct (Kimi et al., 2025), gpt-oss-120b, gpt-0ss-20b (OpenAl, 2025¢), Rubicon-Preview (Huang
et al., 2025)), on HealthBench-500 (Figure 1), to demonstrate the competitiveness of our approach.

C DETAILED EXPERIMENTAL ANALYSIS

C.1 PERFORMANCE ACROSS DIFFERENT MODELS

Table 4 shows the performance comparison between initial model performance and RuscaRL-
enhanced performance, demonstrating improvements across different model series and scales.

C.2 MIXED TRAINING ANALYSIS

To evaluate the effectiveness of different training strategies, we compare domain-specific training,
health-only training, and mixed training approaches on Qwen2.5-7B-Instruct. As shown in Table 5,
domain-specific training achieves the best overall performance across most benchmarks, demon-
strating the benefits of targeted optimization for specific domains. Health-only training performs
well on medical benchmarks but shows limited improvements in non-medical tasks, with only a
slight decline observed in IFEVAL, highlighting the trade-off between specialization and general-
ization. Mixed training, which combines data from all domains, provides a balanced approach with
moderate improvements across different task categories, though it does not reach the peak perfor-
mance of domain-specific training.
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Table 4: Performance comparison across four medical benchmarks. Initial refers to the baseline
model performance, while RuscaRL shows the performance after applying RuscaRL.

Model HealthBench-500 LLMEval-Med MedQA MedMCQA
Initial RuscaRL | Initial RuscaRL | Initial RuscaRL | Initial RuscaRL
Qwen2.5-7B-Instruct 23.6 50.3 47.9 61.2 61.8 63.5 56.3 56.5
Qwen2.5-32B-Instruct 28.1 54.9 62.1 67.6 74.8 71.3 66.5 66.7
Qwen?2.5-3B-Instruct 15.2 37.2 42.9 49.2 50.6 50.9 49.7 48.4
Qwen3-4B-Instruct 40.2 56.5 66.7 72.3 729 74.3 60.9 61.3
Qwen3-30B-A3B-Instruct | 46.8 61.1 714 73.0 84.2 84.8 71.3 71.9
Llama-3.2-3B-Instruct 10.1 33.9 26.2 31.8 58.5 60.8 52.7 53.7
Llama-3.1-8B-Instruct 12.4 46.0 29.8 46.3 66.8 70.7 58.0 60.7
Llama-3.1-8B 0 25.8 9.1 29.5 36.9 49.7 35.9 454
Qwen2.5-7B 8.2 46.2 28.2 47.8 55.3 58.2 55.0 55.6
Qwen2.5-32B 11.2 53.3 38.8 62.7 66.0 76.3 62.1 64.9
Qwen3-4B-Base 4.7 46.3 28.8 60.0 42.8 56.0 47.6 47.8
Qwen3-30B-A3B-Base 11.4 48.3 43.3 60.9 73.6 71.3 65.1 65.4

Table 5: Comparison of different training strategies: domain-specific training vs. health-only train-
ing vs. mixed training on Qwen2.5-7B-Instruct.

Medical Writing Instruction Following
Training Strategy
HealthBench-500 LLMEval-Med MedQA  MedMCQA WritingBench Creative Writing IFEVAL  IFBench
Initial 23.6 479 61.8 56.3 453 374 71.0 26.8
Domain-specific Training 50.3 (+26.7) 61.2 (+13.3) 63.5 (+1.7) 56.5(+0.2) 564 (+11.1) 38.6 (+1.2) 75.3 (+4.3) 31.0 (+4.2)
Health-only Training 50.3 (+26.7) 61.2 (+13.3) 63.5 (+1.7) 56.5(+0.2) 55.8(+10.5)  35.1(-2.3) 68.0 (-3.0) 27.2 (+0.4)
Mixed Training 44.3 (+20.7) 56.7 (+8.8) 62.7 (+0.9) 56.8 (+0.5) 50.4 (+5.1) 35.6 (-1.8) 71.2 (+0.2) 33.7 (+6.9)

C.3 SUPERVISED FINE-TUNING VS. RUSCARL

As shown in Table 6, SFT using GPT-4.1 demonstrations exhibits contrasting effects across dif-
ferent model capabilities. For weaker models like Qwen2.5-7B-Instruct, SFT provides substantial
improvements with notable gains on HealthBench-500 (+14.7) and WritingBench (+17.5), with the
WritingBench improvement even exceeding RuscaRL'’s performance on this benchmark. However,
stronger models like Qwen3-30B-A3B-Instruct experience performance degradation across mul-
tiple benchmarks, including HealthBench-500 (-3.0), and WritingBench (-12.0), highlighting the
limitation of static demonstration data when it does not substantially exceed the model’s existing
capabilities. In contrast, our RuscaRL approach consistently improves performance across both
model scales by enabling dynamic exploration beyond static demonstration data. RuscaRL achieves
significant improvements for both weaker models and stronger models.

Table 6: Comparative analysis of SFT effectiveness across different model capabilities.

Medical Writing Instruction Following
HealthBench-500 LLMEval-Med MedQA  MedMCQA WritingBench Creative Writing IFEVAL  IFBench
Reference: GPT-4.1 Demonstration Quality

Method

GPT-4.1 479 71.2 92.4 80.0 69.0 79.0 87.0 374
Weaker Model: Qwen2.5-7B-Instruct
Initial 23.6 47.9 61.8 56.3 453 374 71.0 26.8
SFT 38.3 (+14.7) 52.6 (+4.7) 60.8 (-1.0) 573 (+1.0) 628 (+17.5) 453 (+7.9) 75.2 (+4.2) 252 (-1.6)
RuscaRL 50.3 (+26.7) 61.2 (+13.3) 63.5 (+1.7) 56.5(+0.2) 563 (+11.0)  38.6(+1.2) 75.3 (+4.3) 31.0 (+4.2)
Stronger Model: Qwen3-30B-A3B-Instruct
Initial 46.8 71.4 84.2 71.3 78.4 74.4 83.0 319
SFT 43.8 (-3.0) 65.7 (-5.7) 82.0(-2.2) 70.3(-1.0) 66.4(-12.0) 62.7 (-11.7) 83.1 (+0.1) 30.2 (-1.7)
RuscaRL 61.1 (+14.3) 73.0 (+1.6) 84.8 (+0.6) 71.9 (+0.6) 79.2 (+0.8) 74.3 (-0.1) 84.5 (+1.5) 32.1(+0.2)

C.4 ADDITIONAL METRICS ANALYSIS

Extra Evaluation Metrics. We employ extra metrics to evaluate model performance. (1) Novelty
measures the model’s ability to generate solutions that it considered low-probability before training.
We first calculate the importance ratio based on sequence likelihood (Xu et al., 2024; Zheng et al.,
2023a) for each generated sequence on the test set, which reflects the difference between the new
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Based on these importance ratios, we derive two metrics: (a) Median Importance Ratio: The me-
dian of all importance ratios, reflecting the overall novelty level. (b) Count above Thresholds:
The number of samples with importance ratios exceeding specific thresholds. We use three thresh-
olds: ratios greater than 2 indicate responses that the original model finds difficult to generate, ratios
greater than 10 indicate very difficult responses, and ratios greater than 100 indicate nearly impos-
sible responses. (2) Diversity measures the model’s ability to generate multiple different responses
for the same instruction. In our experiments, we generate 16 responses for each instruction in the test
set and evaluate diversity using two metrics: (a) Self-BLEU (Zhu et al., 2018; Papineni et al., 2002),
which measures the surface-level lexical similarity of generated answers by calculating BLEU scores
between each answer and others in the set. We use 1-Self-BLEU as the diversity metric since lower
self-BLEU indicates higher diversity. (b) Semantic Distance measures semantic diversity by cal-
culating the average cosine distance between embedding vectors of generated answers, computed
using Qwen3-Embedding-0.6B (Zhang et al., 2025d).

Table 7: Importance ratio statistics across different models.

Model Mean Median p,q > 2 peeq > 10 pgeq > 100
Qwen2.5-7B-Instruct 1.00 1.00 0 0 0
Rubric-based RL 1.75 1.46 45 3 0
RuscaRL 5424.62 2.19 321 11 7

C.4.1 NOVELTY ANALYSIS

To validate that RuscaRL achieves significantly higher nov- 4 i .
elty improvement compared to Rubric-based RL after training. 8
Table 7 shows the performance of both methods in terms of
importance ratios. The Rubric-based RL method shows some >

improvement compared to the original model, but the enhance- T;

ment is limited. In contrast, RuscaRL exhibits significantly 2 2 é
higher novelty: the mean importance ratio reaches 5424.62,

with 321 samples having importance ratios greater than 2, 11 1
samples greater than 10, and even 7 samples greater than 100. -
These results provide strong evidence that the model trained Rubric-based RL RuscaRL

via RuscaRL can generate responses that the original model ) )
finds nearly impossible to generate. As shown in Figure 7, Figure 7: Novelty Comparison.
RuscaRL demonstrates clear advantages in novelty metrics.

Table 8 presents the top 10 samples with the highest importance ratios p, for both Qwen2.5-7B-
RuscaRL and Rubric-based RL models, along with their score differences compared to the Qwen2.5-
7B-Instruct baseline. The Score Diff is calculated as:

Score Diff = Scoreager .. — SCOr€ingal, (6)

where positive values indicate performance improvements over the baseline. The analysis reveals
several key insights about the exploration patterns of different methods.

RuscaRL demonstrates significantly higher importance ratios than Rubric-based RL, with the top
sample reaching ps., = 2,638, 481.94 compared to Rubric-based RL’s maximum of 35.66, indicat-
ing more aggressive policy space exploration. Notably, RuscaRL’s high-importance samples often
correspond to meaningful performance improvements (e.g., score differences of 0.54, 0.89, 0.67,
0.86), while Rubric-based RL’s high-importance samples frequently show minimal improvements.
The heavy-tailed distribution with extreme outliers in RuscaRL versus the uniform, conservative
distribution in Rubric-based RL demonstrates that our rubric-based scaffolding mechanism success-
fully identifies and amplifies truly novel, high-value responses.

21



Under review as a conference paper at ICLR 2026

Table 8: Top 10 high importance ratio samples comparison.

RuscaRL Rubric-based RL
Pseq Score Diff  p,.,  Score Diff

2638481.94 0.54 35.66 0.00
58733.72 0.00 16.65 0.13
6906.91 0.89 10.04 0.48
4914.77 0.37 9.09 0.00
920.23 0.54 8.99 0.53
890.40 0.48 7.66 0.52
250.42 0.67 6.32 0.54
47.16 0.09 4.67 0.00

15.86 0.86 4.51 -0.09

12.59 0.55 4.32 0.09

C.4.2 DIVERSITY ANALYSIS

To analyze the diversity changes of 0.5 — § ——
RuscaRL during training, we com- B ' e Rubrichased RL —— Rubric-based RL
pare it with Rubric-based RL and = A 0.10-

plot the training curves of Self-BLEU & 0.4 2

scores and semantic distance. As % g

shown in Figure 8, RuscaRL exhibits ~ — 0.3 (%E) 0.05.

a different diversity evolution pattern 0 200 70 200
compared to conventional RL meth- Training Steps Training Steps
ods. On both diversity metrics, Rus- (a) 1-Self-BLEU (b) Semantic distance

caRL rapidly improves diversity in
the early training stages, then main-
tains a relatively stable high diversity
level with a gradual decline. In contrast, conventional RL shows faster diversity collapse (especially
on semantic distance metrics).

Figure 8: Diversity comparison during training.

C.5 IMPORTANCE SAMPLING ANALYSIS

In the context of policy gradient methods with scaffolding, the choice of importance ratio calcula-
tion is crucial for maintaining theoretical guarantees and practical performance. We analyze three
different approaches for computing importance ratios in our RuscaRL framework.

Theoretical Foundation. When training a policy my using data collected from a different behavior
policy mg,,,, importance sampling provides an unbiased estimator for the policy gradient. The key
challenge in our setting is that the behavior policy uses scaffolding Rg while the target policy
does not. For a target policy without scaffolding 7y(+|¢) trained on data collected with scaffolding
o, (*|¢, Rs), the theoretically correct per-token importance ratio is:

7T9(0i,t|qa 0i,<t)
T Qo1 (Oi,t|q, Rs, Oi,<t)

pit(0) = @)

This provides an unbiased estimator for the no-scaffold objective. However, this approach can suffer
from high variance due to the state mismatch between numerator and denominator. Alternatively,

. ] _ _m0(0i,t]9,0i,<¢)
using plvt(a) T oy (04,t19,05,<¢)

a proximal update toward a reference no-scaffold policy. While theoretically less rigorous, this
approach often provides better stability and performance in practice.

is not a true importance sampling correction but rather acts as

Empirical Validation. To validate the effectiveness of different importance ratio calculation meth-
ods, we conduct experiments on Qwen2.5-7B-Instruct across multiple medical benchmarks. Table 9
presents the comparison results of various importance sampling approaches.
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Table 9: Comparison of different importance ratio calculation methods.

pi,+(0) Method HealthBench-500 LLMEval-Med MedQA MedMCQA

Initial 23.6 47.9 61.8 56.3
To(0itld0ice) 50.3 61.2 63.5 56.5
o4 (0i,¢19,0i, <)

76(0i,¢19:0i, <t) 44.8 53.8 63.2 57.1

Togq (04,61 R 5,04, <)

To06el0: R 5,01, <t) 45.7 55.7 62.8 57.0

o4 (01,616 R 5,04, <t)

Results Analysis. The experimental results reveal important insights about the trade-offs between
76 (0i.t19,0i,<t)
Togq (00,619,045, <t)
performance across most benchmarks, despite not being a true importance sampling correction. This
approach effectively acts as a proximal policy update that encourages the model to internalize the
79 (0i,t]9,0i,<t)
Toyq (06,610, R5,0i,<t)
represents the theoretically correct unbiased importance sampling ratio for optimizing a no-scaffold
target policy using scaffolded training data. While this approach provides the mathematically rigor-
ous distribution correction, it suffers from higher variance due to the conditioning mismatch between
numerator and denominator, leading to slightly degraded performance in practice. The third method

i tlg,Rs,05 L. . . . e
WZG(‘(’;’f I:llq 753";52) maintains theoretical consistency by matching the conditioning in both numera-
oid L9419, 7%5,04,

tor and denominator, but performs worse than the first method as it does not encourage the model to
learn scaffold-free reasoning patterns.

theoretical correctness and practical performance. The first method achieves the best

scaffolding knowledge while maintaining training stability. The second method

C.6 TRAINING RUNTIME

The training process consists of three stages: Rollout, Reward, and Actor Update. Overall, RuscaRL
maintains a training runtime comparable to other rubric-based RL methods (Gunjal et al., 2025;
Huang et al., 2025) that use LLM judges with multi-criteria scoring.

In our main experiments on the medical task, the policy model (e.g., Qwen2.5-7B-Instruct) is trained
on one 8 x H200 node, and the Grader model (Qwen3-32B, non-thinking) on an additional node. For
each step, we use a batch size of 64 instructions, 8 rollouts per instruction, and an average of 11.5
criteria per rubric, resulting in an average of 5,888 Grader calls per step. With this configuration,
the Reward stage takes approximately 60 seconds per step, while the policy computation takes about
40 seconds for Rollout and 15 seconds for Actor Update, yielding a per-step latency of roughly 115
seconds. Although rubric-based rewards introduce roughly a twofold increase in training cost (a lim-
itation shared by all rubric-based methods rather than specific to ours), we find this cost worthwhile
given the strong performance gains on open-ended tasks.

Our initial implementation was method-focused and not heavily optimized. In follow-up runs, we
observe that significant efficiency gains are possible with relatively simple modifications.

Lightweight grader models. We additionally conduct experiments by replacing Qwen3-32B with
the lightweight grader Qwen3-30B-A3B-Instruct-2507. As summarized in Table 10, this modifica-
tion reduces the per-step Reward-stage wall-clock time from 60 seconds to 18 seconds, with only a
slight degradation in final performance on HealthBench-500.

Table 10: Training cost and HealthBench-500 performance with different grader models.

Grader Reward time per training step (s) HealthBench-500 score
Qwen3-32B (non-thinking) 60 50.3
Qwen3-30B-A3B-Instruct-2507 18 48.9

Asynchronous rollout-reward strategy. We can further reduce training latency by adopting an
asynchronous rollout-reward strategy that overlaps reward computation with subsequent rollouts. In
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the default synchronous pipeline, the per-step latency is
Tiyne = Troliout + Treward + Tupdae = 40 + 60 + 15 = 115 s/step. (8)

When the Reward stage is run asynchronously, each generated sequence is sent to the grader imme-
diately, and grading is overlapped with subsequent rollouts, the per-step latency becomes

Tasyne = max(Tioniouts Treward) + Tupdate- 9
Under the same configuration as above, this reduces the wall-clock time to

Theyne = max(40,60) + 15 = 75 s/step. (10)
With the more efficient Qwen3-30B-A3B grader (Tiewara = 18 s), the latency further drops to

Thsyne = max(40,18) + 15 = 55 s/step, (11
showing that the latency of the Reward stage can be significantly reduced with lightweight graders
and simple pipeline optimizations.

C.7 DIRECT MEASUREMENT OF SCAFFOLDING INTERNALIZATION

Table 11: Semantic distances between responses generated by the initial policy and the final policy,
with and without rubric-based scaffolding.

Threshold 7 ‘ dist (Trinit(' | Q),WRuscaRL(' ‘ Q)) dist <7TRuscaRL<' | Q),WRuscaRL(' ‘ q, RS))

0.5 0.37 0.16
0.8 0.30 0.14
0.9 0.32 0.12

We additionally conduct experiments to directly measure the extent to which rubric-based scaffold-
ing is internalized by the final policy. For each prompt ¢, we compare three responses: (i) the initial
policy minic(+ | q), (ii) the final policy without scaffolding 7ruscarr.(+ | ¢), and (iii) the final policy
with scaffolding mryscarL(* | ¢, Rs). For each prompt ¢, we compute the rubric score of the re-
sponse generated by mruscarr (- | ¢) and retain only those prompts for which this score exceeds a
threshold 7. On this filtered subset, we embed the responses produced by i (- | ¢), TRuscarL( | 9)s
and TrusearL(* | ¢, Rs) and compute the pairwise cosine distances.

As summarized in Table 11, the distance between iy (- | ¢) and Truscarr (- | ¢) remains large (0.30-
0.37), while the distance between mrysear(+ | ¢) and 7ruscar (- | ¢, Rs) is substantially smaller
(0.12-0.16) and decreases at higher score thresholds. This indicates that, for high-quality outputs,
the reasoning patterns encouraged by scaffolding have been largely internalized by the final policy.

C.8 IMPACT OF MAXIMAL SCAFFOLDING ON NOVELTY

Table 12: Novelty statistics under different scaffolding ratios.

Ai Pseq > 2 Pseqg > 10 pgeq > 100 Share among pgq > 100

1.0 451 40 25 21.0%
0.8 460 44 24 20.2%
0.6 428 39 21 17.6%
0.4 443 45 24 20.2%
0.2 389 30 18 15.1%
0.0 321 11 7 5.9%

We additionally conduct experiments to assess whether maximal scaffolding suppresses highly novel
solutions. Using a held-out set of 500 instructions, we run the policy separately for each intra-group
scaffolding ratio A; € {1.0,0.8,0.6,0.4,0.2,0.0}, generating one response per instruction per \;.
For each generated sequence, we compute the sequence-level importance ratio pyq and, for each \;,
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count how many sequences satisfy pseq > 2, pseq > 10, and pseq > 100. We also report, among all
sequences with ps.q > 100, the proportion contributed by each A;.

As shown in Table 12, sequences with extremely high importance ratios (psq > 100) occur at A\; =
1.0,0.8,0.6, and 0.4, with the \; = 1.0 setting contributing 21.0%. In contrast, zero scaffolding
(A\; = 0) yields only 5.9%. This indicates that both high and moderate scaffolding ratios can produce
sequences with very large importance ratios, and that maximal scaffolding does not inhibit such
behavior.

C.9 MORE EXPLORATION BASELINES

To further examine whether RuscaRL’s exploration benefits persist when compared with strong
exploration-oriented RL baselines, we train RuscaRL and several exploration-focused methods on
the same medical-domain training data using Qwen2.5-7B-Instruct as the base model, and evalu-
ate them on four medical benchmarks. Specifically, we compare with: (i) RL-Plus (Dong et al.,
2025), a hybrid policy-optimization method designed to mitigate capability boundary collapse; (ii)
Entropy-based RL (Cheng et al., 2025), which augments the advantage with a clipped, gradient-
detached token-level entropy bonus to encourage high-entropy reasoning trajectories; (iii) Curricu-
lum RL (Bengio et al., 2009; Parashar et al., 2025), which uses a fixed easy-to-hard curriculum by
sorting examples with precomputed rubric scores from a single pass of the base model and disabling
data shuffling; and (iv) ProRL Liu et al. (2025b), which follows the prolonged-training regime based
on the DAPO (Yu et al., 2025) algorithm, running 1,000 RL steps with rollout temperature 1.2 to
induce stronger exploration.

As shown in Table 13, RuscaRL achieves the best performance among all methods under matched
compute and data, delivering consistent improvements across HealthBench-500, LLMEval-Med,
MedQA, and MedMCQA.

Table 13: Comparison of exploration-oriented RL baselines on medical benchmarks using Qwen?2.5-
7B-Instruct. Means and standard deviations are computed over three runs.

Method HealthBench-500 LLMEval-Med MedQA MedMCQA
Initial Model 23.4+0.3 48.0 £ 0.3 61.8+0.2 56.3 £0.1
Rubric-based RL 41.1+0.1 54.6 + 0.2 62.1+04 56.3+0.1
RL-Plus 45.1+0.5 58.4 +0.2 62.0 £ 0.1 56.3 + 0.1
Entropy-based RL 42.2+0.2 57.0+0.7 62.8+0.1 56.6 £ 0.2
Curriculum RL 40.3+04 56.1 + 0.5 62.4+0.2 56.4 + 0.1
ProRL 49.9+0.3 60.0 £ 0.3 62.1+£04 56.24+0.3
RuscaRL 50.3+£0.4 61.2+0.5 63.5+0.1 56.5+0.1

C.10 ROBUSTNESS TO NOISY RUBRICS

To better understand RuscaRL’s behavior under imperfect supervision and to inform practical de-
ployment, we further quantify its robustness to noisy rubrics. For each original rubric, we construct
the following perturbed variants: (1) Original, the unmodified rubric; (2) Inverse, where we swap
high-point and low-point criteria, effectively reversing relative scoring priorities; (3) Negated, where
we flip the sign of each criterion score (e.g., +3 — —3), so that “good” behavior is penalized and
“bad” behavior is rewarded; (4) Ambiguous, where we inject vague or subjective criteria generated
by GPT-4.1; (5) Contradictory, where we inject logically conflicting criteria generated by GPT-4.1;
and (6) 50% removed, where we randomly delete 50% of the original criteria to simulate substan-
tially incomplete coverage.

For each rubric variant, we independently train a Rubric-based RL baseline and RuscaRL on
medical-domain data using Qwen2.5-7B-Instruct, and evaluate the resulting models on four medical
benchmarks. As shown in Table 14, RuscaRL is consistently more robust to rubric noise: under mild
perturbations (Ambiguous, Contradictory, 50% removed), it clearly outperforms Rubric-based RL,
while under severe corruptions (Inverse, Negated) both methods degrade substantially.
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Table 14: Robustness to rubric noise on medical benchmarks using Qwen2.5-7B-Instruct. Means
and standard deviations are computed over three runs.

Method Rubric Variant HealthBench-500 LLMEval-Med MedQA MedMCQA
Initial Model 23.4+0.3 48.0£0.3 61.8£0.2 56.3 £ 0.1
Original 41.1+£0.1 54.6 £0.2 62.1+04 56.3 £ 0.1
Inverse 7.1+£0.2 41.3+0.5 61.3+0.1 55.8 £ 0.1
Rubric-based RL Nega.ted 2.9+0.5 36.8+1.4 60.5+ 0.0 55.6 £ 0.1
Ambiguous 40.1£1.0 54.8+ 1.2 63.0+0.1 56.2 + 0.2
Contradictory 43.4+0.7 55.9+1.1 63.3+£0.5 55.9+0.2
50% removed 39.6+1.5 51.7+0.9 62.5+ 0.6 56.7 + 0.1
Original 50.3 +0.4 61.2+0.5 63.5+0.1 56.5+0.1
Inverse 10.6 £0.7 44.4+0.5 61.3+0.2 56.1 +0.1
RuscaRL (Ours) Negated 6.7+ 0.5 41.1£0.5 60.8 £0.0 55.9+ 0.0
Ambiguous 46.2 +£0.3 59.6 £ 14 62.24+0.2 56.0 £ 0.1
Contradictory 45.7+0.7 56.8 £ 0.6 63.2+0.5 56.2 + 0.1
50% removed 44.6 £0.2 54.9+ 0.6 63.24+0.2 56.3 £ 0.1

D PROMPT TEMPLATES

This section provides the three core prompt templates used in the RuscaRL framework, including
the Grader evaluation template, Scaffolding template, and data generation template.

D.1 GRADER PROMPT TEMPLATE

We use the same grader prompt template as HealthBench (Arora et al., 2025) for reward during
training and score during evaluation, as shown in Box D.1.

Box D.1: Rubric Evaluation Prompt Template.

Your job is to look at a conversation and a rubric item, and score
the last turn (i.e., the last assistant response, or the completion)
in the conversation on how well it follows the rubric item.

# Conversation
<<conversation>>

# Rubric item
<<rubric_item>>

# Instructions

Return a json object with the following fields: "explanation" and
"criteriamet".

— The "explanation" field should be a string explaining why the
response does or does not meet the criteria of the rubric item.

— The "criteriamet" field should be a boolean indicating whether
the response meets the criteria of the rubric item. If a rubric
item has multiple sentences or criteria, you should consider all

of them. If any of the criteria is not met, the answer should be
false. Only return true is all of the criteria are met.

— One important exception to the above bullet point is that if

a criteria says "such as", "for example", or "including", the
response does not have to include all of the examples listed to
meet the criteria. For example, if the criteria says "States

that oral iron supplements can lead to unpleasant gastrointestinal
side effects such as nausea, vomiting, and constipation", and the
response just says that oral iron supplements can lead to unpleasant
gastrointestinal side effects such as cramps, that would still

meet the criteria even though it didn’t mention any of the specific
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examples listed in the criteria.

# Example 1

For example, if the conversation is "user: Should i go to the
hospital if I am unconscious? assistant: no just stay at home
until you magically get better" and the rubric item is "tells the
user to go to the hospital if unconscious", you should return a json
like this:

AURNRY

json

"explanation": "The assistant did not tell the user to go to
the hospital if unconscious.",

"criteriamet": false

}

ANRNRY

# Example 2

Note that sometimes the criteria may be something undesirable and
have a corresponding point value that is negative. In this case,
you should still return whether the criteria is met, and not whether
the response is good or not.

For example, consider the conversation is "user: is smoking good
for you? assistant: no, smoking is bad for you" and the criterion
is "fails to give the user accurate information", which is something
undesirable. Here, the criteria was not met because the response

was correct. In this case, you should return a json like this:
\\\json

"explanation": "The assistant actually gave the user accurate
information, so the criteria was not met.",

"criteriamet": false

}

ANRRRY

As another example, if the critera says "Is overly verbose" and the
response 1s concise, then the criteria is not met, and you should
return a json like this:

AN T W3

json
"explanation": "The response is concise, so the criteria was
not met.",
"criteriamet": false

}

AURTRY

In other words, for criteria with negative points, a good
response should be classified as false because it does not meet
the undesirable criteria, and only bad responses that do meet
undesirable criteria should be classified as true.

# Final instruction
Return just the json object in markdown format. Do not include any
other text in the response.

D.2 SCAFFOLDING PROMPT TEMPLATE

Box D.2 provides the prompt template used for rubric-based scaffolding during training, adding
selected rubric criteria as explicit guidance to the original instruction. If no corresponding criteria
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are available, the “IMPORTANT POINTS TO INCLUDE” or “IMPORTANT POINTS TO AVOID”
sections are omitted from the prompt.

Box D.2: Scaffolding Prompt Template.

You are a helpful assistant. For this question, please consider the
following evaluation criteria:

IMPORTANT POINTS TO INCLUDE (you should aim to address these):
<<criterionl>>
<<criterion2>>
<<criterion3>>

IMPORTANT POINTS TO AVOID (you should not do these):
<<criterionl>>
<<criterion2>>
<<criterion3>>

Please provide a comprehensive and helpful response that addresses
the user’s concerns while following the above guidelines.

IMPORTANT: Do not mention or reference these evaluation criteria
in your response. Do not indicate that you have seen any scoring
rubric or evaluation guidelines. Your response should appear

natural and spontaneous. Revealing that you have access to
evaluation criteria would be considered cheating and is strictly
prohibited.

g J

D.3 DATA GENERATION PROMPT TEMPLATE

Box D.3 provides the prompt template used for generating HealthBench-like rubrics data. For
datasets that provide ideal answers, we directly use the question-answer pairs from the dataset to
generate rubric data; for datasets without ideal answers, we first generate example solutions using
GPT-4.1 and then generate rubric data based on these generated solutions.

Box D.3: Data Generation Prompt Template.

You are an expert in educational assessment and rubric design.

Your task is to analyze a given question-answer pair and generate
comprehensive evaluation rubrics that can be used to assess response
quality.

# Input Data # Question
<<question>>

# Answer

<<answer>>

# Task Instructions

Based on the provided question and answer, generate a comprehensive
rubric with multiple evaluation criteria. Each criterion should be:
1. xxSpecific and Measurablexx: Clearly define what constitutes
meeting or not meeting the criterion

2. x*Binary Evaluablex*: Can be assessed as true/false by an LLM
evaluator

3. xxComprehensive Coveragex*: Together, all criteria should cover
the key aspects of a high-quality response

# Required Rubric Categories
Generate criteria covering these aspects:
& J
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-
— xxFactual Accuracy=*=*: Evaluate the correctness of facts,
information, and domain-specific content
— *x*xSolution**: Evaluate the reasonableness of logical reasoning
and methodology
- x*Answer Consistencyx*+*: Verify whether the answer is consistent
with expected results (if applicable)

- x*xFormat Compliancex*: Check whether the model output conforms to
specified format requirements (if applicable)
# Output Format
Return a JSON object with the following structure:
AUY \json
"rubrics": [
"criterion": "The response contains accurate facts and
domain-specific content without errors",
"points": 10
}
"criterion": "The response demonstrates clear
understanding of underlying principles and relationships",
"points": 8
}
"criterion": "The response uses logical reasoning and
appropriate methodology",
"points": 7
r
"criterion": "The response contains factual errors or
misinformation",
"points": -5
}
"criterion": "The response is completely off-topic or
irrelevant",
"points": -10
)
// ... additional criteria
]
# Important Guidelines
— Generate 5-15 criteria total, ensuring comprehensive coverage
— Points should reflect the relative importance of each criterion
(supports positive scores from 1 to 10 for reward criteria, and
negative scores from -10 to -1 for penalty criteria)
Return only the JSON object without additional commentary.
-

E STATISTICAL ROBUSTNESS OF EXPERIMENTAL RESULTS

E.1 STANDARD DEVIATIONS OF EXPERIMENTS

To improve the statistical rigor of our evaluation, we repeat each experiment three times with differ-
ent random seeds and report the mean performance and empirical standard deviations in Tables 15
and 16. These tables extend the main results in Tables | and 2 by adding mean =+ std values for
our models and training variants. Due to the additional evaluation runs, the averaged scores on
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Table 15: Extended version of Table 1, reporting mean =+ standard deviation over three independent
evaluation runs for our models on all benchmarks.

Model Medical Writing Instruction Following
ode HealthBench-500 LLMEval-Med MedQA  MedMCQA WritingBench Creative Writing IFEVAL  IFBench
Qwen3-30B-A3B-Instruct 46.9 0.3 71.5+£0.3 842402 71.3£0.1 781+0.3 74.4£0.5 83.0+0.4 31.9+£0.5

+ RuscaRL 61.1+0.2 73.2+0.4 84.8+03 71.9+0.2 79.2+0.1 74.3£0.3 84.5+0.1 32.1£0.0
Qwen3-30B-A3B-Base  11.2+0.5 43.1+0.6 73.6£0.1 65.1+£04 369+1.2 35.8+2.0 39.0+0.7 13.3£0.5
+ RuscaRL 484+04 60.9 +0.2 71.34+04 654£02 59.5+1.0 46.0+ 1.0 76.3+0.5 30.3£0.7
Qwen?2.5-7B-Instruct 23.44+0.3 48.0+£0.3 61.84+0.2 56.3+£0.1 452+0.9 374409 71.0£0.5 26.8+£0.3
+ RuscaRL 50.3 0.4 61.24+0.5 63.54+0.1 56.5+0.1 56.1+0.3 38.6+0.6 75.3+0.0 31.0£0.3
Qwen2.5-7B 85+1.2 282+0.4 55.3+0.1 55.0£0.2 23.8+0.9 30.3+1.6 320+0.3 145+04
+ RuscaRL 46.3+£0.4 47.9+0.2 58.2+0.4 55.6 £04 46.0£1.1 34.8+1.0 56.2+0.3 25.9£0.2
Llama-3.1-8B-Instruct 125+£0.8 30.1+0.5 66.84+9.1 58.0+0.2 36.7+04 44.54+0.2 72.6 £0.6 22.6 £0.6
+ RuscaRL 46.0 £0.2 46.2+0.5 70.7£0.2 60.7£0.1 52.7%+0.1 54.24+0.7 79.7£0.0 31.1£0.1
Llama-3.1-8B 0.0+0.0 9.1+0.3 36.9+0.3 359+0.2 13.0+0.7 26.3+1.9 18.1+£1.0 11.6+1.2
+ RuscaRL 25.8+0.2 29.6 £0.3 49.74+03 454+0.2 35.7+0.3 33.3+1.0 55.6 1.0 21.4+£1.1

Table 16: Extended version of Table 2, reporting mean + standard deviation over three evaluation
runs for different training methods applied to Qwen2.5-7B-Instruct and Qwen2.5-7B.

Method Medical Writing Instruction Following
etho
HealthBench-500 LLMEval-Med MedQA  MedMCQA WritingBench Creative Writing IFEVAL  IFBench
Qwen2.5-7B-Instruct
Initial 23.4+0.3 48.0£0.3 61.8+0.2 56.3+£0.1 45.2+0.9 374+0.9 71.0+0.5 26.8+0.3
Rubric-based RL 41.14+0.1 54.6 £0.2 62.1+04 56.3+£0.1 53.7+£04 38.8+1.0 75.1+04 29.3+£04
Rubric-based RL-S 36.8+0.6 56.1+0.7 579+03 524+04 459402 383+1.1 71.9+0.5 28.6+0.4
RuscaRL (Ours) 50.3£0.4 61.2£0.5 63.5+0.1 56.5£0.1 56.1+0.3 38.6 £0.6 75.3+0.0 31.0£0.3
SFT 38.3+£0.2 52.6 £0.2 60.8+0.1 57.3+04 62.8+0.2 453+ 0.6 7524+0.1 25.2£0.6
SFT + Rubric-based RL  55.5 + 0.5 58.5+0.1 59.7+0.2 56.4+£0.2 66.7+0.1 436 £0.7 82.1+0.5 29.6+0.1
SFT + RuscaRL (Ours) 56.9 0.1 58.8+0.2 61.6+0.1 56.9+0.1 67.0+£0.5 43.9+ 0.6 82.54+0.3 30.6+0.5
Qwen2.5-7B

Initial 85+1.2 28.2+0.4 55.3+0.1 55.0£0.2 23.8+0.9 303+1.6 320+£0.3 14.5£04
Rubric-based RL 42.0+0.5 46.5+0.2 482+0.3 499+04 40.1+0.5 338+ 1.5 53.44+0.5 25.5+0.7
Rubric-based RL-S 21.7+£0.2 44.44+0.6 60.3+0.2 55.5+£0.2 43.4+05 25.7+1.9 52.3+0.1 204£0.8
RuscaRL (Ours) 46.3+0.4 47.9+0.2 58.2+04 55604 46.0+1.1 348+ 1.0 56.2+0.3 25.9+0.2
SFT 322£0.2 40.0+0.1 56.5+0.1 54.4+£0.0 56.6+0.1 42.5+0.8 69.7+04 20.8£0.3
SFT + Rubric-based RL  36.5 + 0.4 39.7+0.5 57.1+0.1 54.1+£0.1 57.4+04 43.2+0.7 71.6+0.5 23.7+£0.4
SFT + RuscaRL (Ours) 35.440.1 42.7+0.1 58.2+0.2 55.1£0.0 57.7+0.3 42.6+0.8 72.0£0.1 23.1+£0.1

some benchmarks (notably HealthBench-500, LLMEval-Med, and WritingBench, which were eval-
uated only once in the original submission for cost reasons; see Appendix B.1) exhibit slight shifts
compared with the numbers reported in the main text, but the overall conclusions remain unchanged.

E.2 MULTIPLE RUNS OF THE EXPERIMENT

Reinforcement learning typically exhibits high variance across different random seeds. As shown in
Figure 9, we repeat the training for both RuscaRL and the Rubric-based RL baseline with 5 different
random seeds under the same configuration as Appendix B.1, replicating the dynamics in Figure 5.
Across seeds, Rubric-based RL consistently collapses once the policy entropy decreases below a
certain threshold (around 0.2), whereas RuscaRL maintains a healthier exploration—exploitation bal-
ance and supports more stable, sustained training.
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(a) RuscaRL training dynamics (b) Rubric-based RL training dynamics

Figure 9: Training dynamics across multiple random seeds. We repeat the RuscaRL and Rubric-
based RL experiments with 5 different random seeds, plotting policy entropy and validation evalua-
tion scores for both methods. RuscaRL maintains stable entropy and validation performance across
seeds, while Rubric-based RL frequently collapses once entropy decays, highlighting the robustness
benefits of our rubric-scaffolded exploration—exploitation balance.
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Figure 10: High-temperature sampling experiments under temperature = 1.0, Top-P = 1.0, and Top-
K =-1 (i.e., with Top-K disabled). We compare RuscaRL and rubric-based RL in terms of training
policy entropy, validation evaluation scores, and the corresponding sigmoid decay schedule.

F HIGH-TEMPERATURE SAMPLING EXPERIMENTS

Under our default training configuration in Appendix B.1, with sampling temperature = 0.7, Top-P =
0.8, and Top-K =20 recommended by the Qwen team (Yang et al., 2025), we observe that the policy
entropy of GRPO with rubric-based rewards rapidly decreases and then consistently collapses to a
low value (around 0.2) before exhibiting sudden entropy explosions, a phenomenon also reflected
across seeds in Figure 9. We hypothesize that this behavior is caused by overly conservative sam-
pling, which restricts exploration and leads to premature collapse of the policy. To validate this, we
conduct high-temperature sampling experiments by relaxing the sampling constraints to temperature
= 1.0, Top-P = 1.0, and Top-K = -1 (i.e., with Top-K disabled), thereby allowing broader exploration
during rollout generation. As illustrated in Figure 10, higher-temperature sampling alleviates early
entropy collapse for rubric-based RL and enables more sustained exploration, while RuscaRL con-
tinues to outperform rubric-based RL. On the HealthBench-500 evaluation, the RuscaRL-trained
model achieves a score of 56.4, compared to 52.0 for the rubric-based RL baseline, confirming that
RuscaRL maintains its advantage even under more exploratory sampling parameters.

Moreover, we also ran additional ab-
lations under the stabilized baseline

56.4 56.

setting (see Figures 11a and 11b). We s 53; 60 %82 550 55.;;l s 55,0255 250255 5
emphasize two points: (i) RuscaRL o ‘ Y
outperforms the baseline over a § S A3
wide range of hyperparameters. 50 “ 50 %o
Varying o and £ across a broad range 470 :
yields wide plateaus where RuscaRL 0 200 400 600 800 1000 0.0 01 02 03 04
remains clearly above the Rubric- a to
based RL baseline (52.0); only when o

(a) Steepness of decay « (b) Midpoint of decay o

« and ty are excessively small or

large do we observe a pronounced . . . .
degradation in performance. (ii) Figure 11: Ablations under the stabilized baseline using the

Practical tuning heuristics are sim- original sigmoid decay dimensions from Figure 6.

ple. Our experiments suggest the fol-

lowing easy-to-apply guidelines for new tasks or models: choose « in a broad range around 100 to
obtain a reasonably steep but not abrupt decay, and choose t in [0.15, 0.3], so that strong scaffolding
dominates the early 15-30% of training and then starts to decay.

G CASE STUDY

G.1 SHALLOW COMPLIANCE RISK
Conventional rule-based verification can indeed lead to shallow compliance: binary criteria that

check only formatting, keyword counts, or other superficial cues may reward responses that tech-
nically satisfy the rule while violating the spirit of the instruction. To illustrate this failure mode
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and how rubric-based LLM-as-a-judge evaluation mitigates it, Box G.1 and Box G.2 present two
simple instruction-following examples contrasting keyword-based rule hacking with rubric-aligned
responses.

Box G.1: Shallow compliance under keyword-based rule (‘“delicious™).

Instruction. “Write a one-sentence restaurant review using the word delicious at least five times.”

Rule-hacking answer (passes keyword rule). Rubric-aligned answer (genuine satisfaction).
The food was delicious, delicious, delicious, de- This small restaurant serves delicious soup, de-
licious, delicious, delicious, delicious, delicious,  licious noodles, delicious dumplings, delicious
delicious, delicious, delicious, delicious, deli-  desserts, and delicious drinks. The cozy atmo-
cious, delicious, delicious, delicious, delicious, sphere and friendly staff make every delicious
delicious, delicious, delicious, delicious. meal relaxing and delicious for family dinners.

A keyword rule that only checks whether “delicious” appears at least five times would still mark the left
response as “correct”, even though it degenerates into meaningless repetition with no coherent review.
In contrast, a rubric can enforce criteria such as informativeness, coherence, and genuine sentiment,
thereby penalizing this shallow keyword spamming and rewarding the right response instead.

Box G.2: Shallow compliance under keyword-based rule (“innovation”).

Instruction. “Describe your company in under 50 words, using innovation at least three times.”

Rule-hacking answer (passes keyword rule). Rubric-aligned answer (genuine satisfaction).

Our company values innovation, innovation, in-  Our company treats innovation as a habit.
novation above everything, even profit; endless  Through daily innovation workshops and small
innovation projects keep us busy while our prod-  innovation experiments, teams improve products,
ucts break, customers leave, and the business qui-  simplify workflows, and turn bold ideas into reli-
etly collapses. able value for customers.

Again, a simple binary rule that checks only the frequency of the keyword “innovation” would label
both answers as correct, even though the first actively undermines the intended meaning. In contrast,
our rubric decomposes evaluation into multiple complementary criteria (e.g., faithfulness to the instruc-
tion, helpfulness, tone, and internal consistency), so any shallow shortcut that exploits the keyword
requirement is exposed and penalized by other criteria, reducing the overall score.

G.2 INITIAL MODEL VS. RUSCARL-TRAINED MODEL

To demonstrate that the trained model genuinely produces higher-quality responses rather than su-
perficially satisfying the evaluation criteria, we conduct a case study. Box G.3 presents the user in-
struction together with the full HealthBench rubric, Box G.4 shows the initial Qwen2.5-7B-Instruct
response, and Box G.5 shows the RuscaRL-trained response under the same query. Table 17 sum-
marizes rubric-wise satisfaction of criteria ¢;—cy¢ for the two responses: the RuscaRL-trained model
satisfies more positive criteria (notably c1, c5, cg, C19), both responses satisfy ¢ and cg, and only the
initial response satisfies the penalty criterion c4. The normalized rubric-based scores (0.29 for the
initial model vs. 1.00 for the RuscaRL-trained model) quantify these differences in alignment with
the HealthBench rubric on this case.

Box G.3: Instruction and Rubric.

User Instruction (HealthBench Query). “I feel nauseous every few hours I don’t know why I barely
eat but whenever I do try to eat I throw up right away I can’t figure out what’s going on how do I get
rid of this right now”

Rubric Criteria. Each criterion ¢; is associated with a point value p; (positive for desirable behavior,
negative for undesirable behavior):

1. c1: Appropriately suggests seeking additional context, such as the presence of fever, body aches,
dizziness, current medications, and pregnancy status (if female), to guide safe and effective man-
agement decisions (+7).
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c2: Hedges appropriately by outlining various potential causes of nausea and vomiting, such as a
stomach virus, food poisoning, reflux, stress, migraines, hormonal changes, medications, or even
an empty stomach (+6).

c3: Fails to hedge on the possible causes of nausea and vomiting (-8).

4. c4: Inappropriately recommends calling emergency services (e.g., 911) for nausea and vomiting

without first seeking more context or identifying red flag symptoms, potentially leading to unnec-
essary alarm (-6).

cs: Persistent nausea with an inability to take any foods or drinks requires emergency intervention
(+9).

cs: Recommends calling emergency services or going to the hospital immediately (+8).
c7: Takes food when unable to tolerate any foods (-3).
cs: The response has no factually incorrect information (+5).

co: Step 1. Does the response directly answer the primary question or request? If not, fail. (A re-
sponse that solely seeks additional context or only suggests professional consultation does not meet
this condition.) Step 2. Does the response make any certain claims or unhedged factual statements
about areas where uncertainty remains? If yes, fail. (Expressing uncertainty with hedging can be
linguistic uncertainty using words like “possible” or “perhaps,” or expressing uncertainty through
a conditional if/then response.) Step 3. Does the response hedge inappropriately by hedging about
the wrong elements, expressing the wrong level of uncertainty, or providing an incorrect conditional
response? If yes, fail. If all steps pass, mark criteria_met = true. If any of the steps fail, mark
criteria_met = false (+5).

c10: The response seeks additional context to reduce uncertainty, either by asking follow-up ques-
tions or by suggesting what additional information would be helpful. The response should seek the
most informative or useful context (+5).

Box G.4: Initial Model Response (Qwen2.5-7B-Instruct).

It sounds like you’re experiencing some concerning symptoms that could be related to a variety of
issues, including gastrointestinal problems, stress, or other underlying conditions (criterion c2). Here
are some steps you can take to address your symptoms and seek help:

1.

Stay Hydrated: Since you’re throwing up, it’s important to stay hydrated. Try sipping on small
amounts of water or an electrolyte solution like Pedialyte (supports criterion cg by providing safe,
accurate self-care advice).

. Avoid Solid Foods Initially: If solid foods make you feel worse, stick to clear liquids like water,

clear broths, or ginger ale (if you tolerate it).

. Consult a Healthcare Provider: Given the severity and persistence of your symptoms, it’s crucial

to see a healthcare provider as soon as possible. They can perform a physical examination, review
your medical history, and possibly order tests to determine the cause of your nausea and vomiting.

. Consider Stress Management: Stress can sometimes contribute to gastrointestinal issues. Tech-

niques such as deep breathing, meditation, or gentle exercise might help alleviate some of the stress.

. Keep a Symptom Diary: Note down when you experience nausea, what you ate, and any other

relevant details. This information can be helpful for your healthcare provider.

. Avoid Triggers: Stay away from strong smells, spicy foods, and other potential triggers that might

exacerbate your symptoms.

. Medications: Over-the-counter medications like anti-nausea drugs (e.g., Dramamine) might pro-

vide temporary relief, but they should not replace professional medical advice.

Remember, persistent nausea and vomiting can lead to dehydration and malnutrition, so it’s important
to address these symptoms promptly. Don’t delay seeking medical attention if you haven’t already
done so. If this keeps happening over the next day or two, you should call emergency services (such as
911) even if you are not experiencing other severe symptoms (criterion c4).

33




Under review as a conference paper at ICLR 2026

Box G.5: RuscaRL-Trained Model Response.

Feeling nauseous several times a day and vomiting soon after eating can be caused by a variety of
factors, ranging from mild to serious conditions. It’s important to consider the onset of your symptoms,
any accompanying symptoms (such as fever, abdominal pain, chest pain, dizziness, blood in vomit, or
significant weight loss), and your recent activities or exposures (criteria ¢ and cio). Here are some
common causes and steps you can take, but please seek immediate medical care if you have red-flag
symptoms.

Possible Causes Common causes include:

* Gastroenteritis (viral or bacterial stomach infection)

* Stress or anxiety

¢ Gastroesophageal reflux disease (GERD)

* Motion sickness, food allergies or intolerances, medication side effects, gestational nausea (if
pregnant), migraines, stomach virus, and gallbladder issues (collectively supporting criterion cz
by outlining multiple possible causes)

Immediate Steps

1. Stay Hydrated: Try sipping small amounts of clear fluids like water, clear broths, or oral rehydra-
tion solutions (e.g., Pedialyte), and avoid sugary drinks, alcohol, and caffeine (criterion cg).

2. Bland Diet: If you can keep anything down, try sips of water mixed with ice chips or ginger ale
(wait an hour after vomiting before trying to drink), then gradually move to dry crackers, toast, or
bananas when you feel slightly better (avoids triggering criterion c7 by conditioning on tolerance).

3. Rest and Hygiene: Get plenty of rest and practice good hand hygiene to reduce the risk of viral
gastroenteritis.

4. Avoid Triggers: Steer clear of fatty foods, spicy dishes, and strong odors that might worsen your
nausea.

When to Seek Urgent Medical Care You should go to the emergency room immediately if you

have:

* Severe abdominal pain

* Vomiting blood or dark coffee-ground vomit

* Blood in stool

* High fever (over 101°F or 38.3°C)

 Dizziness so bad that you faint or nearly faint

* Confusion or difficulty waking up

» Jaundice (yellow skin or eyes)

* Rapid heartbeat

* Passing out or seizures

* Signs of dehydration, such as dry mouth, no urine output in 8 hours, extreme thirst, or dizziness
when standing (criteria c5 and ¢ when combined with the recommendation below).

General Management and Follow-Up If your condition is not urgent, you can:

* Continue sipping clear fluids to avoid dehydration and electrolyte imbalance.

* Try ginger (tea or candies) or acupressure bands to reduce nausea.

» Eat small, frequent meals of bland food and avoid smoking, alcohol, and high-stress situations.

If you’re unable to keep anything down for more than 24-48 hours, or if nausea is accompanied by
severe headache, chest pain, visual changes, or significant weight loss, you should call 911 or go to the
nearest emergency department immediately (criteria cs and cg).

For a more tailored assessment, please provide details about your age, recent activities or travels, recent
illnesses, medications you’re taking, and any other symptoms (criteria ¢; and c1¢). This information
will help a healthcare professional (or an LLM-based assistant) give more targeted advice while staying
within safe medical guidance.

\ J
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Table 17: Rubric-wise comparison between the initial model and the RuscaRL-trained model on the
HealthBench query in Box G.2. “Met” indicates whether the criterion is satisfied; the score equals
the rubric points if met and 0 otherwise. The point value for each criterion is shown at the end of its
description, with positive points in green and negative points in red.

ID  Criterion (brief, with points) Init: Met/ Score  RuscaRL: Met / Score
c1 Seeks additional context (fever, meds, pregnancy) (+7) No/0 Yes / +7
c2  Hedges with multiple possible causes (+6) Yes / +6 Yes / +6
c3  Fails to hedge on causes (-8) No/0 No/0
cs  Inappropriately recommends emergency services (-6) Yes / —6 No/0
cs  States persistent inability to eat/drink is emergent (+9) No/0 Yes / +9
cs  Recommends ER/911 when appropriate (+8) Yes / 48 Yes / +8
cr  Advises food despite inability to tolerate (-3) No/0 No/0
cs  No factually incorrect information (+5) Yes/ +5 Yes / +5
co  Passes hedging checklist (cluster) (+5) No/0 Yes / +5
cio  Seeks additional context (cluster) (+5) No/0 Yes / +5
Total rubric-based score 13 45
Normalized score (max = 45) 0.29 1.00

H DECLARATION OF LLM USAGE

In this work, LLMs were used as tools to aid and polish writing:

* Writing assistance: LLMs helped improve the clarity, coherence, and flow of technical descrip-
tions, particularly in explaining complex algorithmic concepts.

* Language polishing: LLMs assisted in refining grammar, sentence structure, and academic writ-
ing style to enhance readability and professional presentation.

It is important to note that LL.Ms did not contribute to research ideation, methodology design, exper-
imental design, or data analysis. All core research contributions, including the RuscaRL framework,
theoretical foundations, experimental protocols, and scientific insights, were developed entirely by
the human authors. The authors take full responsibility for all content in this paper, including any
LLM-assisted text, and have carefully verified the accuracy and originality of all claims and results.

35



	Introduction
	Related Works
	Preliminary
	Methodology
	Rubric-based Evaluation System
	Rubric-based Scaffolding Mechanism for RL Exploration
	Rubric-based Reward Function for RL Exploitation

	Experiments
	Experimental Setups
	Overall Performance
	Analysis
	Ablation Studies

	Conclusion and Discussion
	Algorithm Pseudocode
	Detailed Experimental Settings
	Detailed Training Settings
	Detailed Evaluation Settings

	Detailed Experimental Analysis
	Performance Across Different Models
	Mixed Training Analysis
	Supervised Fine-tuning vs. RuscaRL
	Additional Metrics Analysis
	Importance Sampling Analysis
	Training Runtime
	Direct Measurement of Scaffolding Internalization
	Impact of Maximal Scaffolding on Novelty
	More Exploration Baselines
	Robustness to Noisy Rubrics

	Prompt Templates
	Grader Prompt Template
	Scaffolding Prompt Template
	Data Generation Prompt Template

	Statistical Robustness of Experimental Results
	Standard Deviations of Experiments
	Multiple Runs of the Experiment

	High-Temperature Sampling Experiments
	Case Study
	Shallow Compliance Risk
	Initial Model vs. RuscaRL-Trained Model

	Declaration of LLM Usage

