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Abstract

Reinforcement learning with verifiable rewards
(RLVR) is a standard post-training paradigm
for large language models (LLMs), typically
relying on group-wise reward and advantage
normalization for stability. In set-valued multi-
answer tasks, where multiple outputs may be
simultaneously correct, this normalization can
over-amplify a small number of early high-
reward samples, suppressing learning signals
from other valid generations and leading to
overly concentrated updates. We propose
Entropy-Aware Reshaping of Reinforcement
Signals (EARS), a framework that reshapes
how learning signals are normalized and ag-
gregated. EARS uses token-level predictive en-
tropy as an uncertainty cue to compute entropy-
weighted reward statistics for advantage nor-
malization, encouraging broader exploration
and more balanced learning-signal allocation
early in training. An adaptive decay sched-
ule then anneals uncertainty-aware reweight-
ing back to standard group normalization to
ensure stable convergence. EARS further incor-
porates a correctness-gated multi-head process
reward that provides auxiliary supervision on
reasoning traces while remaining aligned with
verifiable correctness. Experiments on MC-
TACO and MMLU-Multi using Qwen2.5-7B
and Llama-3.1-8B-Instruct demonstrate consis-
tent improvements in exact-set accuracy, train-
ing stability, and cross-dataset transfer perfor-
mance on set-valued multi-answer reasoning.

1 Introduction

Recent advancements in large language models
have yielded exceptional performance in structured
reasoning domains (OpenAl et al., 2024; Team
et al., 2025), most notably in mathematics (Shao
et al., 2024) and code intelligence (Lozhkov et al.,
2024; DeepSeek-Al et al., 2024) . However, mov-
ing beyond these well-defined domains toward
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He jumped into the pond and started swimming toward the ducks,
chasing around his new playmates.
‘What happened after he left the pond?

V)

r Options
A. he dried off
B. he went home

C. his mother gave him a bath
D. his mother suffered the same fate

29

Think: Based on the given context, we cannot determine what
. happened immediately after the narrator left the pond.
Answer: A

After swimming and then departing from the pond, it
that he would now be i

would be re: proximity

Figure 1: Illustration of the multi-answer reasoning
setting. An input may admit multiple valid answers,
while standard RL objectives tend to over-concentrate
probability mass on a few dominant answers.

general-purpose world perception requires mod-
els to operate under inherent ambiguity and diver-
sity. In many real-world scenarios, an input does
not map to a single uniquely correct response, but
rather to a set of plausible outcomes that should
be considered simultaneously. Effectively handling
multi-answer tasks is therefore crucial; for example
in event-order temporal questions where multiple
continuations can be valid (Figure 1).

In parallel, reinforcement learning (RL) has
become a core paradigm for the post-training
of LLMs under sparse, outcome-based supervi-
sion. Preference-based alignment via reinforce-
ment learning from human feedback (RLHF)
and related pipelines has proven effective for
instruction-following and safety alignment (Chris-
tiano et al., 2017; Ziegler et al., 2020; Stiennon
et al., 2020; Ouyang et al., 2022; Bai et al., 2022).
Beyond preference learning, RLVR is increasingly
used when correctness can be programmatically
evaluated, especially for reasoning-heavy tasks
(Cobbe et al., 2021; Uesato et al., 2022; Lightman
et al., 2024). Practically, policy-gradient methods
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such as proximal policy optimization (PPO) re-
main a standard choice in RL post-training (Schul-
man et al.,, 2017; Ouyang et al., 2022), which
often stabilized by KL regularization to a refer-
ence policy. More recently, group-based optimiza-
tion variants, including GRPO-style approaches,
that avoid explicit value function estimation have
been adopted for efficient RLVR in LLMs(Shao
et al., 2024; Zhang et al., 2025). A common in-
gredient across these methods is batch/group-level
normalization of rewards or advantages, which re-
duces variance and improves optimization stability
(Schulman et al., 2018; Guo et al., 2025).

However, RL post-training becomes brittle when
the underlying task is set-valued, admitting multi-
ple valid outputs. Prior work on RLHF has docu-
mented that RL updates can reduce output diver-
sity and lead to generative monoculture phenomena
(Kirk et al., 2023; Wu et al., 2025). In multi-answer
selection, we observe an additional mode: the pol-
icy may quickly overcommit to a narrow subset of
early high-reward trajectories and stop exploring
alternative solutions, leading to poor credit assign-
ment and suboptimal convergence.

Concretely, when advantages are computed via
group-level normalization within sampled outputs
of each prompt, a small number of locally high-
reward samples can be amplified early in training,
suppressing gradients from other plausible gener-
ations before the model has sufficiently explored
the space of valid answer sets. The model thus
converges before sufficiently exploring alternative
valid answer sets, which we refer to as premature
confidence collapse.

While premature confidence collapse is concep-
tually related to entropy collapse (Feng et al., 2025;
Wang et al., 2025a), they reflect different aspects
of the learning process. Entropy collapse is a
distribution-level phenomenon in which the condi-
tional token distribution becomes overly peaked,
resulting in reduced policy entropy. In contrast, pre-
mature confidence collapse is a credit-assignment
failure driven by how normalized advantages allo-
cate learning signals across samples. Consequently,
directly encouraging higher entropy through com-
mon exploration techniques such as entropy reg-
ularization (Adamczyk et al., 2023) or higher-
temperature sampling may increase the diversity
of sampled trajectories, but it does not directly ad-
dress the concentration of learning signals induced
by group-wise normalization.

This raises a central question. How can we keep

RL efficient and stable while preventing early over-
commitment to a narrow subset of sampled solu-
tions in set-valued tasks? In other words, the goal
is to maintain the learnability of multiple valid an-
swers during the early training phase without sacri-
ficing accurate set alignment at convergence.

Instead of adding explicit entropy regularization
or changing the underlying policy optimization al-
gorithm, we focus on reconfiguring reinforcement
signals to better control credit assignment through-
out training. We propose EARS, a framework that
mitigates premature confidence collapse by adjust-
ing the normalization and aggregation of training
signals. Specifically, EARS reshapes reinforce-
ment signals via entropy-aware advantage normal-
ization. Token-level predictive entropy is treated
as an uncertainty cue, and uncertain yet informa-
tive generations receive relatively more credit when
computing normalization statistics, counteracting
early winner-takes-most dynamics. To preserve
asymptotic behavior and avoid over-exploration,
we further introduce an adaptive decay schedule
that gradually anneals this uncertainty weighting
back toward standard group-based normalization
as training progresses, implementing a natural tran-
sition from exploration to exploitation. EARS also
incorporates gated multi-head reasoning rewards to
maintain reasoning quality during exploration, pro-
viding auxiliary supervision over reasoning traces
while ensuring alignment with verifiable correct-
ness constraints.

Our contributions are threefold: (1) We propose
EARS, an RL framework that reshapes reinforce-
ment signals for multi-answer reasoning by incor-
porating entropy-aware advantage normalization
with an adaptive decay schedule, alleviating the
problem of premature confidence collapse in multi-
answer RL post-training. (2) Within the EARS
framework, we introduce a correctness-gated multi-
head process reward that provides auxiliary super-
vision on inference quality while remaining aligned
with answer-level correctness. (3) Through exten-
sive experiments on set-valued multi-answer tasks,
we demonstrate that these two mechanisms pro-
vide complementary benefits, leading to consistent
improvements in accuracy, training stability, and
cross-dataset transfer.

2 Method

To mitigate premature confidence collapse in re-
inforcement learning with large language models,
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particularly in multi-answer multiple-choice set-
tings, we propose the EARS framework that re-
shapes reinforcement signals of GRPO via entropy-
aware advantage normalization with adaptive de-
cay, and incorporates gated multi-head reasoning
rewards as complementary reward signals. The
framework is shown as Figure 2.

2.1 Entropy-Aware Advantage Reshaping

For each question g, the policy 7y generates a group
of N samples, where each sample s = {cot,a}
includes a reasoning process and a final answer.
The inter-group advantages of samples will be then
reshaped by token-level uncertainties.

Token-Level Uncertainty Estimation. For each
generated sequence, we first measure token-level
uncertainty using top-k restricted entropy. For the
t-th token in {cot, a}, let pgt) denote the probability
of the 7-th most likely candidate token in the vocab-
ulary. We define the renormalized distribution of
top-k likely tokens as

(t) p('t)
i = (1
e p§t)

and compute the corresponding entropy

7

= Zpi” log . @

i=1

Compared to full-vocabulary entropy, top-k re-
stricted entropy focuses on competition among
high-probability tokens and provides a more stable
and decision-relevant uncertainty estimate.

The uncertainty score of the generated sequence
is obtained by averaging token-wise entropy over

all non-padding positions:
Z Ht(ip . - I[token; # PAD],
3)

where T' denotes the length of a sample {cot, a}.

RSItopfk -

Entropy-Weighted Advantage
Given a group of N samples with uncertainty
scores {RSIi}fi , and corresponding rewards
{r;}, , we rank samples in descending order
of uncertainty and assign exponentially decaying
weights

exp(—a - rank;)
Z;-V:l exp(—a - rank;)’

“4)

w; =

Reshaping.

where o > 0 controls the concentration of weights.
Higher a values assign more weight to high-
uncertainty samples. Notably, this procedure does
not change reward values themselves, but only mod-
ulates their contribution to advantage normaliza-
tion.

Then we compute weighted statistics over re-
wards

= 325 wiri; ®)

02 = SN wilr; — pw)?, 6)

and define the reshaped advantage as

A; = Ti 7 Hw 7
Ow + €
where € is a small constant for numerical stability.
This entropy-aware normalization increases the
relative gradient contribution of uncertain samples
while preserving reward-based optimization objec-
tives.

Adaptive Decay Schedule. To further improve
training stability and maintain transferability across
tasks, we introduce an adaptive decay schedule for
the entropy-based reweighting coefficient a.. This
design enables stronger emphasis on uncertainty-
aware learning signals during early training, while
gradually recovering standard GRPO behavior as
training progresses.

Specifically, we define the decay coefficient at
training step s as

a(s)

where S denotes the total number of training steps,
ap and v are the initial reweighting strength and
the decay speed, respectively. In our experiments,
we set ag = 0.5 and v = 2 by default.

The adaptive schedule reflects a natural transi-
tion from exploration to exploitation. When the
policy is prone to premature overconfidence, a
larger o amplifies learning signals from uncertain
generations, encouraging exploration of alterna-
tive plausible solutions. As training proceeds, a
smoothly decays toward zero, reducing the influ-
ence of entropy-based reweighting and yielding
uniform weighting equivalent to standard GRPO
advantage normalization.

=ap- (1 —7s/5), ®

2.2 Multi-Head Reasoning Reward Modeling

To provide auxiliary supervision on the quality
of generated reasoning processes, we introduce a
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Figure 2: Overview of the EARS framework. We first train the RM by taking a weak reasoning process and
reasoning processes generated by multiple strong models as input, and making the semantic similarity between them
serve as the supervisory signal to train the scoring capabilities of the model’s multiple output heads. Subsequently,
we freeze the RM and train the policy model, performing advantage reshaping by calculating the entropy of the

top-k tokens.

multi-head reasoning reward model (RM) that as-
signs dense and continuous scores to intermediate
reasoning traces, complementing outcome-based
rewards in RLVR.

Multi-Head Reward Model. The reward model
is trained via supervised fine-tuning on tuples of
the form

{question, weak reasoning, o}

where o = (01, 02, 03, 04) denotes cosine similar-
ity scores between the embedding of a weak rea-
soning process and the corresponding reasoning
processes generated by four strong teacher models.
Each head of the reward model is trained to regress
one similarity score, resulting in a multi-head ar-
chitecture that captures diverse-quality reasoning
patterns.

Formally, given a generated reasoning trace v,
the reward model outputs

rai(v) = (1), TG ®) . ©

where each head corresponds to a distinct teacher
signal.

Aggregation with Correctness Gating. To mit-
igate bias toward any single teacher and reduce
susceptibility to reward exploitation, we aggregate
multi-head rewards using the mean of the top-2
scores. Additionally, we employ correctness gat-
ing to prevent reasoning rewards from dominating
task objectives. Under this mechanism, reasoning
rewards are only activated when the final answer
satisfies task-level correctness constraints. The fi-
nal reasoning reward is formulated as

1

M) = 5 (re ) + @) -1, (10)

1, ifa=4g,
re(a,G) =1 —0.5, ifa C G, (11)
-1, otherwise,

where rt(olp) and rt(o? denote the two highest head out-

puts, r. € {—1,—0.5, 1} represents the correctness
reward in RLVR, and G is the gold answer. This
design encourages high-quality reasoning aligned
with correct outcomes, while preventing the model
from optimizing for stylistic similarity alone.

Integration with RLVR Objective. The gated
reasoning reward is incorporated into the RLVR
objective as an auxiliary shaping term. The overall
reward for a sample is defined as

Ttotal = Te + 7§ + Acot T(I;Ot~ (12)

Consistent with standard RLVR practices, ry €
{—1, 1} requires that the reasoning trace be encap-
sulated within <think></think> tags and the final
answer within <answer></answer> tags.

The combined reward is then used to compute
advantages under the entropy-aware and adaptively
decayed framework described in previous sections.
Following the standard GRPO paradigm, the objec-
tive function is formulated as

LO) =E 40

s~~Tola (|q)

1+ e)A> = »BDKL(WGHWTEJ”)} )

[min (r(G)A, clip(r(@), 1—e¢,

(13)
m0(319)_ i the probability ratio.

T4 (519)

where r(0) =
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3 Experiments

3.1 Datasets

We train and evaluate EARS on multi-answer
multiple-choice reasoning tasks, where each ques-
tion admits a set of correct options. We detail the
selection and construction of the datasets.

MCTACO. (Zhou et al., 2019) We construct
multiple-choice tasks from the original dataset by
first removing questions with fewer than four op-
tions and filtering out questions for which all op-
tions are labeled as “no.” We then ensure that each
remaining question contains exactly four options
and at least one correct answer. After filtering,
we obtain 2,455 instances in a four-option multiple-
choice format, which are randomly split into a train-
ing set and a test set with a 2,000:455 ratio.

The challenge lies in whether the model can un-
derstand the magnitude of time units and the con-
straints of the physical world while selecting all
possible answers.

MMLU-MULTI. (Hendrycks et al., 2021) We
use the publicly available dataset mmlu-multi-
answers' hosted on Hugging Face, which is de-
rived from the MMLU benchmark and contains
multiple answers generated by GPT-40-mini. We
filtered out examples with more than four options
and randomly sampled 3,000 instances from the
remaining 3,079 examples, which were then split
into a training set and a test set in a 2,000:1,000
ratio.

In addition to reading comprehension over long
texts, MMLU-Multi also tests knowledge of some
obscure topics without context, which poses chal-
lenges to the LLM’s multiple-choice performance.
Therefore, we adopt MMLU-Multi as a more diffi-
cult dataset.

3.2 Evaluation Metrics

Given a gold option set GG; and a predicted set F;
for instance 7, we report (i) set exact match (EM)
and (ii) example-level set F1 (Macro-F1):

21PN Gy

Macro-F1 = ]E’L |:|P|—|—|G|
(2 K3

} . (14)
We decode P; from the <answer> span by extract-
ing option letters (e.g., via a regex over {A,B,C,D})

1https ://huggingface.co/datasets/Obsismc/
mmlu-multi_answers

and ignore intermediate reasoning traces at evalua-
tion time. We treat invalid outputs as & and report
results on test split.

3.3 Models and Training Setup

Base Models. We instantiate all methods on
Qwen2.5-7B and Llama-3.1-8B-Instruct. We use
the officially released versions and the same prompt
templates across methods.

Supervised Fine-Tuning (SFT). SFT is trained
on the training split using the standard cross-
entropy loss for 4000 steps, with a learning rate
of 2e-4 and a batch size of 16 (4 per device x 4
gradient accumulation steps).

RL Post-Training (RLVR with GRPO). We
adopt an RLVR setting and optimize the policy
using the GRPO-based objective. At each RL step,
we sample N = 8 trajectories for one prompt with
temperature 7 = 0.9, and a maximum of 512 gen-
erated tokens. For MCTACO, training is conducted
for S = 3,000 steps using AdamW with a learning
rate of 1e — 6 and a fixed KL regularization coef-
ficient 5 = 0.04. For MMLU-Multi, we use the
same training setup except for a smaller learning
rate of 5e — 7 and a KL coefficient of 8 = 0.02. All
experiments with additional components follow the
same training protocol and hyperparameter settings
as described above.

Reward Model. We construct the process reward
model by adding four heads to the base model,
each predicting a continuous-valued score for rea-
soning quality. Training is conducted following
the mechanism described in Sec 3.2. Four ex-
ternal general models, GPT-5, Gemini-2.5-Flash
(Comanici et al., 2025), DeepSeek-R1 (Guo et al.,
2025), and Qwen3-Next-80B-A3B-Thinking (Yang
et al., 2025), are employed to generate strong rea-
soning traces. Both weak and strong reasoning
traces are encoded into vector representations us-
ing RoBERTa-large-v1. More details can be found
in Appendix.

3.4 Baselines

We compare: (i) Base: pretrained model without
task-specific training; (ii) SFT: supervised fine-
tuning on the training split; (iii) GRPO: standard
RLVR using GRPO with rewards (1. + r¢); (iv)
GRPO + Process Reward: GRPO with additional
gated process rewards (1 + 7 + Acot - i), as

defined in Eq. 12, where the default value of Ao
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Model Method MCTACO MMLU-Multi
EM(%) Macro-F1 EM-OOD EM(%) Macro-F1 EM-OOD
Base 18.7 0.540 - 48.2 0.842 -
+ SFT 71.4 0.899 46.7 58.4 0.869 43.1
Qwen2.5-7B + GRPO 82.2 0.938 48.0 59.2 0.874 63.5
+ GRPO + Process Reward 82.9 0.944 49.1 58.7 0.875 65.3
+ GRPO + Adaptive Decay 87.5 0.957 50.8 60.5 0.880 77.6
+ EARS 89.2 0.959 51.3 62.9 0.889 78.5
Base 18.9 0.643 - 40.4 0.782 -
+ SFT 61.3 0.832 46.5 47.8 0.745 20.4
Llama-3.1-8B  + GRPO 64.0 0.851 44.5 49.2 0.797 33.0
-Instruct + GRPO + Process Reward 65.1 0.856 48.4 499 0.803 42.2
+ GRPO + Adaptive Decay 78.9 0.924 49.8 52.4 0.848 40.7
+ EARS 79.6 0.931 50.7 54.5 0.846 41.3

Table 1: Main results on the datasets with different baselines. EM-OOD denotes the out-of-distribution Exact Match,
training on one dataset (MCTACO/MMLU-Multi) and testing on another dataset (MMLU-Multi/MCTACO).

is 0.5; (v) GRPO + Adaptive Decay: GRPO with
entropy-aware advantage reshaping and the adap-
tive decay schedule, but without process reward;
(vi) EARS: full method with both components of
(iv) and (v).

3.5 Main Results

Table 1 shows the main results on MCTACO and
MMLU-Multi using Qwen2.5-7B and Llama-3.1-
8B-Instruct as base policies.

Across both datasets and base models, RL post-
training substantially improves over SFT, and
EARS consistently achieves the strongest perfor-
mance. On MCTACO with Qwen2.5-7B, EARS
reaches 89.2% EM, representing a clear improve-
ment over GRPO and all intermediate variants.
Similar gains are observed on MMLU-Multi, as
well as when using Llama-3.1-8B-Instruct as the
base policy, indicating that the effectiveness of
EARS is robust across datasets and models.

Ablating individual components reveals that the
two mechanisms in EARS provide complementary
benefits. Adding gated process rewards yields mod-
est but consistent improvements over GRPO, sug-
gesting that auxiliary reasoning supervision can
refine solutions when correctness constraints are
satisfied. In contrast, entropy-aware advantage re-
shaping with an adaptive decay schedule yields
larger and more consistent improvements across
multi-answer datasets. When combined with gated
process rewards, EARS achieves the strongest over-
all performance, suggesting that the two mecha-
nisms provide complementary benefits in optimiz-
ing credit assignment and refining answer selection
during reinforcement learning.

We further evaluate cross-dataset transfer using

EM-OO0D, where models are trained on one dataset
and tested on the other. EARS consistently outper-
forms GRPO in both transfer directions. Notably,
when trained on MMLU-Multi and evaluated on
MCTACO, EARS improves EM-OOD from 63.5
to 78.5, highlighting its ability to learn more trans-
ferable decision boundaries for multi-answer selec-
tion.

Overall, these results show that EARS improves
both in-domain performance and cross-dataset gen-
eralization by reshaping reinforcement signals in
a way that promotes balanced exploration early in
training while enabling precise answer alignment
at convergence.

3.6 Analysis and Ablations

How Does EARS Affect Learning-Signal Disper-
sion and Exploration? To analyze how EARS
influences training dynamics beyond aggregate per-
formance, we examine learning-signal allocation
and exploration behavior at the answer-set level.
Specifically, we focus on two metrics: (i) answer-
set learning-signal dispersion, quantified by the
effective number of answer clusters receiving learn-
ing signals K%, and (ii) exploration coverage,
measured by Coverage @38, i.e., the proportion of
sampling trajectories that contain one of the correct
answer, out of 8 sampling trajectories. Together,
these metrics characterize whether learning signals
are overly concentrated on a narrow subset of so-
lutions and whether alternative plausible answers
continue to be explored, which are two key aspects
of premature confidence collapse in credit assign-
ment.

Details of the indicator calculation can be found in the
appendix.
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Figure 3: Answer-set-level training dynamics of EARS
and GRPO in the first 1500 steps. Left: K¢, the effec-
tive number of answer sets receiving positive learning
signals, versus training steps. Right: Coverage @8 ver-
sus training steps.

Figure 3 reports the effective number of answer
sets receiving learning signals, measured by K.y,
throughout training. For both methods, K¢ gener-
ally decreases as training progresses, reflecting the
transition from dispersed exploration toward more
focused exploitation. EARS maintains a higher
Kegr than GRPO throughout the first 1500 train-
ing steps, allowing a broader range of distinct an-
swer sets to receive effective update signals. Af-
ter 500 steps, the gap between the two methods
gradually narrows, while EARS remains slightly
higher overall. This behavior is consistent with the
EARS framework, where entropy-aware reshap-
ing focuses on initial credit assignment, allowing
the adaptive decay schedule to gradually transition
back to standard normalization.

The exploration metric Coverage@8 rises
rapidly during early training and saturates in the
middle-to-late stages. This trend indicates that as
the policy improves, the predicted sets that can
contain the correct answers under a limited sam-
pling budget (8 samples) expands and gradually
stabilizes. Compared to GRPO, EARS generally
achieves higher Coverage@8 in the early stage, re-
flecting faster improvement in covering multiple
feasible solutions under the same sampling budget.
In the later stage, the Coverage @8 of both methods
becomes comparable, suggesting that the benefit
of EARS mainly lies in protecting exploration cov-
erage during early training, without sacrificing the
eventual convergence level of coverage.

Comparison to Objective-Level Entropy Regu-
larization. A common alternative to our signal-
reshaping approach is to directly add an entropy
regularization term to the reward or objective
(Adamczyk et al., 2023)

LGrpo-en = Larro —Ei[¢0-H(m(- | 5¢))]. (15)

51 EARS(w/0 PR)
GRPO+Entropy Regularization

07 f/

2 <&’

M
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Figure 4: Training curves comparing EARS (w/o pro-
cess reward) and GRPO with objective-level entropy
regularization. Left: Exact Match on the test set versus
training steps. Right: average policy entropy measured
during training.

We implement GRPO with Entropy Regularization
and compare it with EARS, while disabling process
rewards in EARS for a fair comparison.

Figure 4 reports both the EM and the average pol-
icy entropy during training. EARS achieves higher
EM after 1400 steps and converges around 2000
steps with noticeably smoother training, whereas
GRPO with entropy regularization exhibits a less
stable improvement trajectory and minor oscilla-
tions after convergence.

Importantly, the entropy curves reveal a key dif-
ference in behavior. Entropy regularization steadily
pushes the policy entropy upward and becomes
increasingly volatile in later training, with pro-
nounced spikes near the end of training. Despite
this substantially higher entropy, the EM does not
improve accordingly and even shows instability,
suggesting that simply maximizing entropy can
lead to over-exploration or brittle optimization in
multi-answer generation.

In contrast, EARS maintains a relatively low and
stable entropy throughout training while achieving
better EM. This suggests that the entropy-aware re-
shaping signal improves credit assignment without
explicitly driving the policy toward high-entropy
behavior.

Component Ablations. We further ablate (i) the
decay speed v € {0,0.5,1,2, 00} of the adaptive
reshaping schedule, (ii) correctness gating I, €
{0, 1} for process rewards , and (iii) the coefficient
of the CoT reward Aoy € {0.5,1,2}. With the
default calibration settings v = 2, [; = 1, Aeot =
0.5, we conduct ablation experiments by varying
one factor at a time and report EM and Macro-F1
in Table 2.

The results for v = 2 are superior to those of
v = 1 and 0.5, yielding the optimal performance. It
indicates that keeping strong uncertainty reweight-
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ing active for too long can undermine exact-set
alignment near convergence. The cases where
v = 0 and oo are equivalent to keeping the re-
shaping weight constant and omitting the reshaping
weight, respectively; both configurations lead to a
degradation in performance.

Toggling the correctness gating switch 7, has a
pronounced effect on EM. Transitioning I, from
1 to O results in a 4.5% decrease in EM. This indi-
cates that the gating mechanism of process rewards
relative to verifiable correctness can materially im-
pact the selection of exact answer sets, even while
overlap-based metrics like Macro-F1 remain con-
stant.

In the ablation study of the process reward coef-
ficient, we find that a smaller coefficient Aoy = 0.5
is optimal, whereas increasing the coefficient signif-
icantly impairs performance. This supports treating
the process reward as an auxiliary shaping signal,
as over-weighting reasoning similarity can distract
optimization away from the primary verifiable ob-
jective needed for exact multi-answer selection.

Aggregation Rule of Multi-Head Process Re-
ward. We further study how to aggregate the
multi-head process reward. Since different teacher
heads may capture complementary reasoning pat-
terns, an appropriate aggregation rule should bal-
ance robustness and informativeness. As shown
in Table 3, the top-2 mean achieves the best per-
formance. Using top-1 is less stable because the
reward can be dominated by a single high-scoring
head, while increasing w to 3 or 4 introduces nois-
ier signals and degrades performance. Median re-
ward also performs worse than top-2 mean. These
results suggest that the top-2 mean provides a good
trade-off between leveraging agreement among
strong teachers and reducing sensitivity to noisy or

Component Valuee EM  Macro-F1
0 82.9 0.944
0.5 86.2 0.951
Decay Rate y 1 848 0952
2 89.2 0.959
00 82.2 0.938
Correctness Gating [, (1) ggg 8323
0.5 89.2 0.959
Reward Coefficient Acot 1 82.2 0.943
2 77.6 0.940

Table 2: Ablation studies on the impact of decay rate,
correctness gating, and reward coefficient.

biased heads, which supports our default design.

4 Related Work

RLVR for LLM Reasoning. Reinforcement
learning with verifiable rewards has rapidly be-
come a mainstream post-training route for enhanc-
ing the reasoning capabilities of large language
models(Trung et al., 2024; Lambert et al., 2025;
Zelikman et al., 2022; Le et al., 2022; Gou et al.,
2024). This approach is particularly effective in
domains where the accuracy of outputs can be as-
sessed through automated and deterministic verifi-
cation mechanisms. Meanwhile, a growing direc-
tion analyzes RLVR’s optimization behavior and
practical pitfalls, including GRPO dynamics and
implicit objective interpretations (Mroueh, 2025),
entropy performance and clipping trade-offs during
RLVR training (Park et al., 2025; Jin et al., 2025),
and empirical studies debating whether RLVR ex-
pands reasoning capacity versus primarily improv-
ing sampling efficiency under fixed model priors
(Yue et al., 2025; Wen et al., 2025). Addition-
ally, complementary directions examine data and
compute efficiency in RLVR, demonstrating that
credit assignment and training dynamics play a
more decisive role in performance than reward
availability alone, as evidenced by recent stud-
ies on one-example RLVR and off-policy rollout
schemes(Wang et al., 2025b).

Learning with Set-Valued Signals and Process
Feedback. Multi-answer prediction has been ex-
tensively studied in supervised learning under
set-valued labels, including multi-label classifi-
cation and learning with multiple valid targets
(Tsoumakas and Katakis, 2007; Zhang and Zhou,
2014). In natural language process, set-valued or
ambiguity-aware supervision arises in tasks where
multiple outputs are acceptable, such as ambiguous
open-domain QA (Min et al., 2020) and temporal
commonsense reasoning datasets where several op-

Aggregation rule Value EM  Macro-F1
w=1 88.4 0.953
Top-w mean w =2 89.2 0.959
aggregation w=3 88.6 0.951
w =14 86.6 0.949
Other median g3 0,947
aggregation rule  reward only

Table 3: Ablation study on process-reward aggregation
rules.
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tions can be plausible in the same context (Zhou
et al., 2019); more broadly, permutation-invariant
set modeling provides principled architectures and
objectives for set prediction (Zaheer et al., 2017).

Complementing outcome-level supervision,
process-level feedback has emerged as a key driver
for robust reasoning (Uesato et al., 2022; Wu et al.,
2023; Rafailov et al., 2024; Cui et al., 2025; Yoon
et al., 2024). Step-wise verification and process
reward models have proven effective in shaping
intermediate trajectories (Lightman et al., 2024;
Cobbe et al., 2021), yet they typically operate
under single-answer correctness assumptions.
Our gated multi-head reasoning rewards align
with these insights by providing auxiliary process
guidance while keeping optimization grounded in
verifiable set correctness.

5 Conclusion

In this paper, we reveal that standard RL post-
training can suffer from premature confidence col-
lapse in multi-answer selection tasks. We intro-
duce EARS, a novel approach that mitigates this
by leveraging predictive entropy to reweight advan-
tage signals and integrating auxiliary process super-
vision. Empirical results across datasets show that
EARS not only stabilizes training but also achieves
superior cross-dataset generalization compared to
standard methods like GRPO.

Limitations

While our work demonstrates the effectiveness of
entropy-aware reshaping and auxiliary reasoning
supervision for improving reinforcement learning
in multi-answer settings, EARS still has certain lim-
itations. EARS uses token-level predictive entropy
as a proxy for uncertainty and applies rank-based
exponential weighting when computing normaliza-
tion statistics. However, high entropy does not al-
ways correspond to informative uncertainty. It can
also arise from genuine confusion or low-quality
generations, which may introduce noise during the
early stages of training. The process reward is
defined over explicit reasoning traces and is acti-
vated only under correctness gating. This design
assumes access to structured intermediate reason-
ing text, and it is not obvious that the same benefits
hold when reasoning traces are unavailable, trun-
cated, or discouraged at deployment time. Future
work may explore alternative uncertainty signals
beyond token-level entropy and identify surrogates

for process rewards in RL settings where explicit
reasoning supervision is absent.
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A Answer-Set Learning-Signal Diversity
via Absolute-Advantage Mass

To quantify how learning signals distribute across
distinct predicted answer sets, we define an answer-
set-level diversity metric based on the absolute ad-
vantage mass. For a prompt-level group with sam-
pled trajectories indexed by j € {1,..., N}, let
P; denote the predicted answer set decoded from
trajectory j, and let A; denote its (reshaped) advan-
tage.

Absolute-advantage mass. For each answer-set
cluster s (i.e., a unique predicted set), we define

mi™ =) 4],

j: Pj =S
abs
qabs — mg (16)
s Sy miPs + e’

where € is a small constant for numerical stability.

Entropy and effective number of answer sets.
We then compute the entropy over answer-set clus-
ters and its corresponding effective number

HiX = =) ai™log g™,
S

Kgf?s = exp(HabS) .

ans

A7)

For simplicity, we refer to K ;?s as Kg in the main

text.

Interpretation. |A;| serves as a direction-
agnostic proxy for the update strength contributed
(or incurred) by trajectory 7, so m2P* measures how
much overall update “energy” is associated with
answer-set cluster s. If premature confidence col-
lapse occurs, update energy tends to concentrate
on a very small number of clusters (especially in
early-stage winner-take-all regimes), leading to a
smaller K ggs. Conversely, if EARS successfully
preserves informative exploration, its effect is often
more visible in K jfkf’s—capturing a more balanced
distribution of update energy across alternative an-
swer sets—than in coarse sign-based statistics such
as the positive-advantage ratio.

|A| vs. A%, One may alternatively replace |A;]|
with AJQ- in Eq. (16). Using | A| is typically more
robust (less sensitive to extreme outliers), while
A? is more head-sensitive and may better highlight
collapse patterns dominated by a few trajectories
with exceptionally large advantages.

B Training of Reward Model

We construct the process reward model by adding
four regression heads to the base model, where
each head predicts a continuous-valued score for
reasoning quality. The model is trained using two
types of reasoning signals: weak reasoning traces
collected from preliminary training with standard
GRPO, and strong reasoning traces generated by
external high-capacity teacher models.

Specifically, for each question ¢, we first col-
lect the reasoning trace produced by the prelimi-
nary policy and treat it as weak reasoning, denoted
by yweak- We then query several strong general-
purpose teacher models to generate corresponding
strong reasoning traces for the same question, de-
noted by {yg,ﬁ)ong #_,. For MCTACO, the prompt
used to generate strong reasoning traces is shown
in Table 4; for MMLU-Multi, we use the same
template but remove the context field.

Both weak and strong reasoning traces are
encoded into dense vector representations using
RoBERTa-large-v1. Let

Vweak = E(yweak) )

v(®) :E( (k) )7

ystrong (1 8)

where E(-) denotes the embedding model. We then
define the supervision target for the k-th head as
the cosine similarity between the weak reasoning
trace and the k-th teacher reasoning trace:

Vweak * V(k)

= CosSi weak s *)) = .
Of; (1] 1m(v k, V ) vaeakH2 Hv(k)H2
19)

Accordingly, each training instance is associated
with a four-dimensional target vector

0o = (017027O3a04)7 (20)

which measures the semantic similarity between
the weak reasoning trace and the strong reasoning
traces from multiple teachers.

In our implementation, we employ four
external general models, GPT-5, Gemini-2.5-
Flash, DeepSeek-R1, and Qwen3-Next-80B-A3B-
Thinking, to generate strong reasoning traces, re-
sulting in four cosine-similarity targets for each
sample. The reward model is then trained by su-
pervised regression. Given an input pair (g, y*°2¥),
the reward model predicts

6 = (01, 02, 03,04), (21)

40266



and is optimized with a sum-of-squared-errors ob-
jective:

4
Leni =Y _ ll6r — oll3 - (22)
k=1

After training, the reward model is frozen and used
to provide auxiliary multi-head process-reward sig-
nals during policy optimization.

C Pseudocode of Training

Algorithms 1 and 2 demonstrate the training pro-
cess for the reward model and the policy model,
respectively.

Algorithm 1 Training of Multi-Head Reasoning
Reward Model
Require: Dataset D, reward model RM, teacher
models 7 = {T1,...,T,}, embedding model
E(e.g., RoOBERTa)
Ensure: Trained reward model RM,
1: Initialize parameters ¢
2: Initialize training set Dy;ain < ()
3: for each question ¢ € D do
4 Generate weak reasoning trace ¥yeak from
the preliminary policy

5: Generate  strong reasoning  traces
{ys(é?ong #_, using teacher models 7°
6: Compute weak-trace embedding: vyeak

E(yweak)
: for k =1to4do

: Compute teacher-trace embedding:
vk E(y(k) )

strong
9: Compute cosine-similarity target:
of, COSSim(Vweak, v(k))
10: end for
11: Form target vector o < (01, 02, 03,04)
12: Add (¢, Yweaks ©) t0 Dirain
13: end for

14: while not converged do
15: for each batch (¢, Yweak, 0) in Diyain do

16: Predict head outputs: o0
RMd)(Qa yweak)
17: Compute regression loss: Ly <
4 - 2
> k=1 [0k — okll5
18: Update ¢ < ¢ —nV 4L
19: end for

20: end while

Algorithm 2 Policy Training with EARS Frame-
work
Require: Policy 79, Reward Model RM, Refer-
ence ., Group size N, Decay params ayg, v
1: for step = 1 to Sipta; dO
2: Sample batch of prompts ¢
3: Generate N trajectories {s;}Y, per
prompt, where s; = (cot;, a;)

4: Compute Rewards:
5: fori < 1to N do
6: Calculate outcome reward 7.
7: Process scores h <— RM(q, cot;)
8: Gated CoT reward 7., —
Mean(Top2(h)) - I[r]
9: Total reward r; <— ¢ +7¢ 4+ Acot - oot
10: end for
11: Entropy-Aware Reshaping:
12: for i < 1to N do
13: Calculate uncertainty RSI; using Top-
k entropy
14: end for
15: Update decay a + g - (1 — 7%)
16: Compute weights w; o« exp(—a -
Rank(RSI;))
17: Compute weighted mean p,, and std o, of
rewards

18: Reshaped Advantage A; < "=t

19: Update Policy:

20: Optimize Lorpo(f) using reshaped ad-
vantages A;

21: end for

D RSI-Quality Correlation in Early
Training

To further examine whether RSI in Eq. 3 captures
informative uncertainty rather than random noise,
we analyze the correlation between sequence-level
entropy and prediction quality during early train-
ing. Specifically, we compute the sequence-level
uncertainty score (RSI) for each sampled trajec-
tory within the first 200 training steps and divide
samples into five quantile bins according to RSI.
For each bin, we report the proportions of exact
matches (r. = 1), partial matches (r. = —0.5),
and incorrect predictions (r, = —1).

As shown in table 5, higher-entropy bins do not
simply correspond to a surge of incorrect outputs.
Instead, they contain a higher proportion of par-
tially correct predictions (r. = —0.5), suggesting
that elevated entropy often captures informative
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You are an expert in generating high-quality Chain of Thought (CoT) data
for multi-select reasoning tasks. The existing data contains a Context, a
Question, multiple Options, and the Ground Truth Answer (which may contain
multiple correct options).

Your task is to create a concise, logical Chain of Thought to supplement
this data. Adhere to the following rules:

Step-by-Step Evaluation: Systematically evaluate each option against the
provided context. Briefly explain why correct options are valid and why
incorrect options are flawed.

Forward Reasoning: Ensure the reasoning logically deduces the correct
options based on the context, rather than just reverse-engineering the
provided Ground Truth.

Format & Masking: Enclose your entire reasoning process within
<think></think> tags. Do not explicitly mention the ground truth answer
string (e.g., "The correct answer is A") inside the tags.

Language: Match the language of your reasoning process to the language of
the Question.

Context: {context}

Question: {question}

Options: A. {option_A}

B. {option_B}

C. {option_C}

D. {option_D}

Ground Truth Answer: {ground_truth}

Table 4: The CoT generating prompt applied to the MCTACO data.

RSI quantile pM p(=05) H(=1)
[80% — 100%] (highest) 0.29 051 0.20
[60% — 80%) 0.31 043 0.26
[40% — 60%) 0.30 033 037
[20% — 40%) 0.26 023 0.51
[0%,20%) (lowest) 0.22 0.14 0.64

Table 5: Distribution of correctness labels across entropy (RSI) quantile bins.

uncertainty rather than random noise. This sup-
ports the use of entropy as a proxy for exploration-
relevant uncertainty in early training.
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