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Abstract

Reinforcement learning (RL) has become a powerful tool for improving the rea-
soning ability of large language models (LLMs). While outcome-based RL, which
rewards models solely on the correctness of the final answer, achieves strong accu-
racy gains, it also causes a systematic loss of diversity in generations. This collapse
undermines real-world performance, where diversity is essential for test-time scal-
ing. We analyze this phenomenon by viewing RL post-training as a sampling
process and uncover two key properties: (i) transfer of diversity degradation, where
reduced diversity on solved problems propagates to unsolved ones, and (ii) tractabil-
ity of the outcome space, since reasoning tasks admit only a limited set of distinct
answers. Motivated by these insights, we propose outcome-based exploration,
which assigns exploration bonuses based only on final outcomes. We introduce two
complementary algorithms: historical exploration, which rewards rarely observed
answers via UCB-style bonuses, and batch exploration, which penalizes repetition
within a batch to promote test-time diversity. Experiments across multiple models
and datasets show that both methods improve accuracy while mitigating diversity
collapse. Together, they offer a practical path toward RL methods that enhance
LLM reasoning without sacrificing the diversity critical for scalable deployment.
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Figure 1: Test performance comparison (averaged across MATH-500, aime24/25, amc23) between
our exploration methods (UCB-Con and Batch) and the GRPO baseline, with Llama3.1-8B-Instruct
on the easy dataset (left) and Qwen2.5-7B on the medium dataset (right). We report pass@F for
k €{1,2,4,8,16,32} on an early checkpoint (at timestep 100) and the final checkpoint (at timestep
700). We repeat each experiment with 3 different random seeds and plot the mean performance.
The exploration methods outperform the baseline on nearly all metrics across the training process
(except Qwen 2.5 7B with UCB-Con on pass@1 on the early checkpoint due to exploration, but
it has much higher pass@32 rate), and better exploitation-exploration trade-off and mitigation of
overoptimization.
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1 Introduction

Large language models (LLMs) are commonly post-trained with reinforcement learning (RL), both
in preference alignment (Ouyang et al.,[2022; Bai et al., [2022) and in reasoning tasks (Shao et al.,
2024; |Guo et al.,[2025). A longstanding difficulty in RL is the design of reward signals: while one
might hope to shape intermediate reasoning steps, recent works have shown that the seemingly
crude strategy of rewarding only the final correctness (e.g., whether a math answer is correct) can
be remarkably effective (Shao et al., [2024} |Guo et al., 2025).

However, a growing body of evidence points to an important drawback of RL post-training: a
systematic loss of diversity in model generations (Song et al., |2024} |Dang et al., 2025} [Yue et al.,
2025}, [Zhao et al., [2025 |Wu et al., [2025)). This phenomenon is most cleanly captured by the pass@k
metric: when k is large (say k = 512), post-trained models exhibit a lower pass@k than the base
model. This raises a practical concern: in real-world deployments, diversity is often valuable and can
amplify performance through test-time scaling (Wu et al.| 2024; Snell et al.| 2024), with different
sampling processes such as directly sampling from the model or tree search. Indeed, we find that
diversity degradation already manifests during training, as models collapse to a reduced set of
candidate answers on unsolved problems due to a transfer effect of the diversity degradation induced
by concentrating on correct answers, which we detail in Section 2]

Exploration is the canonical RL tool for combating such collapse (Bellemare et al., 2016} |Azar et al.|
2017;|Burda et al., 2018). However, directly importing classical techniques such as Upper Confidence
Bound (UCB) exploration (Auer et al.,[2002)) to token-level language modeling is intractable, as it
would require searching over exponentially many sequences. Motivated by the success of outcome-
based rewards, we therefore study outcome-based exploration, where exploration bonuses depend
only on final outcomes. This perspective allows us to adapt UCB-style methods to LLM training,
which we further refine by incorporating both positive and negative outcome signals.

A subtlety arises, however: in language models, one must distinguish between historical exploration
(visiting a more diverse set of states and actions during training) and batch exploration (producing
diverse outputs at test time). The latter improves pass @k but does not necessarily increase diversity
during training whereas the former improves pass@ 1 but does not guarantee test-time diversity of
the trained model. We introduce and study a batch version of outcome-based exploration, which
demonstrates improved tradeoff between accuracy and diversity during test time.

Our contributions

1. We study RL post-training dynamics by framing RL as a sampling process. This perspective
reveals that diversity loss is not limited to test-time behavior, but already occurs on the
training set: as RL concentrates probability mass on previously solved questions, the
resulting collapse propagates and reduces diversity even on unsolved ones. We term this
effect the transfer of diversity degradation.

2. We propose outcome-based exploration, which adapts classical exploration bonuses (e.g.
UCB) to the outcome space of LLM tasks. We show that naively adapting UCB does not
lead to improved testing performance. We thus propose more refined algorithms which
incorporate both positive and negative signals, we show that they improve both training
exploration and test generalization.

3. We introduce a batch outcome-based exploration method that explicitly encourages diverse
generations within a batch, yielding a better accuracy—diversity tradeoff at test time.

4. Through additional analysis, we clarify the interaction between historical and batch explo-
ration, showing that they are not mutually exclusive but in fact complementary.

2 Diversity Degradation: RL as Sampling

2.1 Preliminaries

We consider LLM reasoning training with RL in a verifiable reward setting. Denote the set of
questions as X, the training question set Xi.i;, € X and the test question set Xy C X'. Further,
define the space of intermediate text as )/, and the answer space as 4; we consider an LLM to
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be a policy 7 : X — A(Y x A), i.e, given any question x € X, the LLM generates a sample
(y,a) ~ (- | ), where y ~ 7(- | ) is the intermediate reasoning trace (chain of thought) and
a ~ m(- | z,y) is the final answer. By following the convention in (Guo et al.,[2025) we have access
to a ground truth reward  : X x A — {0, 1} that checks the correctness of the final answer. The
evaluation metric for a given (dataset, policy) pair is defined in terms of the accuracy of the final
answer: J(m, X) = E, unif(x) E(y,a)~r(-|o) [7(2, a)]. During RL training, we use the KL-regularized
version of the objective J (7, Xjrain ), Which aims to find the 7* such that

7 = arg max By ounit(Xun) [E(y.a)on(2) [1(2, 0)] = BKL(7(- | ), Thase (- | 2))],

where Tpase 1S our base LLM from which the RL training is initialized. In this paper, we consider the
fully on-policy GRPO algorithm (Shao et al., [2024), which optimizes the following objective:

n

~ 1
Ex,{yi,ai}?zl ~r( [nz {ywaz i= 1) BKL ( |aj 71'base |l’)) , (1)

where A, {yi, ai}7y), = <G(>{*’g<{(”§}j}):) and KL(m(- | ), Toase(- | @) is estimated

by 1og<w:(y(’;|fll)) + ”‘;:S(e;zfl“ﬂ)g” ) _ 1, which is considered to enjoy lower variance than directly

sampling log(m) (Schulman, |2020). Notice that it is known that this objective leads to a

Tbase (y,a[@)
biased gradient of the regularized objective .J, and incidentally minimizes the forward KL-divergence
KL(7pase(- | ), 7(- | )). (Tang & Munos| 2025). However, we will use this algorithm as it is a
popular baseline and will call it vanilla RL in the following.

Finally, given question z, we define all possible reasoning traces of LLM 7 as Y™ (z) = supp(7(- |
x)), and thus the answer support of an LLM 7 as A™(x) := supp(7 (- | =, Y™ (x))).

Experiment setting: In this paper, we primarily investigate LLM RL training for math reasoning.
We test two models: Llama3.1-8B-Instruct (Dubey et al., [2024) and Qwen2.5-7B-Base models
(Yang et al., |2024). We use two datasets: an easy dataset and a medium difficulty dataset. The easy
dataset is the train split of the MATH dataset (Hendrycks et al.,|2021) with a total of 7500 questions.
For the medium dataset, we subsample 3840 questions from the training set of DAPO (Yu et al.,
2025). To test, we use the MATH-500 (Lightman et all |2023), AIME 2024/2025 and AMC23
datasets. To measure whether two given answers are different, we apply the math_verify function
in the verl (Sheng et al.,2024) codebase, which treats two answers as the same as long as they are
mathematically equivalent. This defines our reward function as well since it is the indicator function
of whether a given answer is equivalent to the ground truth answer.

2.2 Diversity Degradation during RL training

Recently it has been observed that, during LLM post training (either with SFT or RL), the diversity
of the final policy decreases, as measured with the pass@k metric with k£ > 1, over the test dataset
(Song et al., |2024; Dang et al.| [2025} [Yue et al., 2025; |Wu et al., 2025). However, the previous
analysis only focused on comparing the base model mpase With the final model check point 77, a
single artifact of the RL training method.

To understand how diversity degrades during RL training, we propose to examine the dynamics of
RL training by considering RL as a sampling process on the training set. Specifically, in each epoch
t € [T] during RL training, one samples n trajectories for each question © € Xiain. Thus given a
base model 7,,¢. and RL algorithm Alg, we sample in total nT" trajectories for each question z, i.e.,
{yi,a;}"; ~ Alg(Tpase, *). Now this allows us to directly compare with sampling the same amount
of trajectories from the base model, i.e., {y}, a.}¥_| ~ Tpase(Xirain), where k = nT.

We conducted experiments on the Llama 3.1-8B-Instruct and Qwen 2.5-7B-Base models, trained on
both the easy and medium difficulty datasets. To compare the RL training dynamics and the base
model, we adopt two metrics: total number of questions solved and total number of distinct answers.
Note that these metrics correspond to the pass @k and diff @ k metrics that are used to measure a fixed
model. Recall that to convert a training epoch ¢ to k in pass@k and diff @k, we have k = nt, where
in our experiments we use n = 16. We summarize the results in Figure[2] and we make the following
observations:
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Figure 2: Comparison between RL training dynamics and base model sampling, on both easy and
medium difficulty datasets, with Llama3.1-8B-Instruct and Qwen2.5-7B models. Top row: number of
questions solved so far; Bottom row: number of different answers sampled so far. The bottom x-ticks
are the number of epochs ¢ for training, and the top x-ticks are the corresponding & for sampling
from the base model. We convert k£ = nt where n is the number of samples per epoch and ¢ is the
epoch index. We use n = 16 for pass@k comparison and n = 8 for diff @k comparison. In the
diff @k comparison, solid lines denote the average number of different answers per all questions, and
dashed lines denote the average number of different answers per unsolved questions (i.e., all answers
are wrong so far). The fact that RL has lower diff @& on unsolved questions than the base model
indicates the transfer of diversity degradation.

* RL eventually solves fewer questions than the base model. At the beginning of the RL
training, the rate of questions solving is faster than the base model, which is expected, as RL
quickly converges to the correct answers on the ones that it can easily solve. However, as
training continues, the rate of question solving decreases faster than the base model, and
eventually RL solves fewer questions than the base model with the same amount of samples
on the training set.

* Transfer of diversity degradation across questions. In an ideal setting where the training
dynamics are independent across questions, vanilla RL training should never underperform
the base model. This is because the model does not update on questions z it has not solved
yet (i.e., it receives zero gradient on those questions), so its behavior on those questions is
equivalent to the base model, i.e., A™ (x) = A™=<(x). The observed diversity degradation
can therefore be explained as follows: once the model concentrates its answers on questions
it has solved, this reduced diversity propagates to unsolved questions as well. To quantify
this effect, we track the cumulative number of distinct answers sampled. We find that RL
training yields lower diversity across all questions on average, and, more importantly, even
lower diversity on the unsolved questions. We refer to this phenomenon as the transfer
of diversity degradation.

* Diversity is tractable on verifiable domains. In general it is hard to predict that, given two
generations from LLMs, whether they are semantically different or not. Naively measuring
in token space results in an exponentially many candidates and thus is intractable. However,
in the verifiable domain, we can use the final answer as a proxy to measure the diversity
of the generations. From Figure[2] we observe that given a large sample budget, we only
have |A™=(z)| < 50 on average, which is tractable to measure and optimize. We refer
to this property as the tractability of the outcome space. We will introduce our algorithms
that leverage this property in the next section.

3 Outcome-based Exploration

3.1 Historical Exploration via UCB

Given the observation that there are bounded number of final answers to search over, our training
objective thus becomes to explore as many different answers (and their corresponding reasoning
traces) as possible, while also rewarding the correctness of the answer. This problem is well studied
in the bandit and RL literature, and the canonical solution for exploration is the upper confidence
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Figure 3: Training performance comparison between different UCB variants and the GRPO baseline,
with Llama3.1-8B-Instruct on the easy dataset (left) and Qwen2.5-7B on the medium dataset (right).
For each subplot: Left: fraction of questions solved so far; Right: number of different answers
sampled on the questions that the model has yet to solve (i.e., sample one correct answer historically).
The x-axis denotes the number of gradient updates as we train all models fully on-policy. We repeat
each experiment with 3 different random seeds and plot the mean performance.

bound (UCB) method (Auer et al.,[2002; |Azar et al.,[2017)), which for each state and action adds an
additional exploration bonus that is inversely proportional to its historical visitation counts, on top of
the correctness reward. Thus, the training objective in Equation (T)) becomes:

= IR -

Ee {yiai}r ~n(-|2) - ZA(% {yiai}izi); + cbuev(x, a;) — BKL(7(- | ), Thase (- | 2)) |, (2)
i=1

where c is a tunable hyperparameter and

Lt

N(z,a) [’

where N (z, a) is the number of times we have sampled the answer a for the question x. ).

bucb(xv a) = minq 1,

3.1.1 Naive UCB only Improves Training Performance

We present partial training results in Figure [3]and test results in Figure[d] and defer the remaining
training results to Figure [7]and test results to Figure[8] We observe that, although the UCB bonus
improves the training performance consistently (and with a larger improvement on the harder dataset),
it does not consistently improve the test performance across different models and datasets. In
particular, we only observe a significant improvement on the easy dataset with the Llama3.1 8B
model.

Originally, the design of UCB is due to the fact that, for any pair of state and action, the estimation
error of the dynamics and reward scales with the order of O(1/1/N(z,a)), and thus adding this
bonus offsets this error and encourages the policy to explore uncertain states and actions. However, in
the LLM reasoning setting, the dynamics and reward are both deterministic, and thus in the extreme
case where the training dynamics is independent across questions, the policy should stop visiting
an answer once it gets a reward of 0, because now it has a perfect estimation of the reward of this
answer already. While in practice the training dynamics is not independent across questions, and
intuitively the UCB bonus encourages the model to explore answers that it has not visited often and
thus accelerates the training performance, we hypothesize that a redundant visitation of incorrect
answers actually hurts the generalization performance.

3.2 UCB with a Baseline

The above observation suggests that providing only positive exploration signals is not the most
effective strategy where test performance is concerned. Instead, we propose incorporating a baseline
into the bonus calculation, so that exploration signals are defined relative to this baseline and can be
either positive or negative. A natural starting point—analogous to the GRPO baseline—is to use the
batch mean of the UCB bonus as the baseline. Concretely, we modify the objective in Equation (2) by
replacing b,y (, a;) with:

- N 1 n
B(z, {yi, ai}iza); = bueb(2,05) = —— D bueb(, ay).
i
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Figure 4: Test performance comparison between different UCB variants and the GRPO baseline, with
Llama3.1-8B-Instruct on the easy dataset (top) and Qwen2.5-7B on the medium dataset (bottom).
We report pass@Fk for k € {1,2,4,8,16,32} at every 20 training steps. We repeat each experiment
with 3 different random seeds and plot the mean performance. The metrics are calculated based on
32 samples per question during evaluation.

We refer to this method as UCB with a mean baseline (UCB-Mean). Intuitively, it encourages the
model to explore answers that are less frequent in the current batch while penalizing those that
appear more often. Although historically frequent answers tend to receive a negative signal, the
batch-level baseline means that an answer can still receive a positive exploration signal if it is
relatively underrepresented within the current batch.

To avoid this issue, we propose a third method, UCB with a constant baseline (UCB-Con), where we
simply use a constant as the baseline, i.e.,

B(x, {yi,ai}1-1); = buen (2, a;) — bo,

where bg is a tunable hyperparameter. Note that this gives easy control over the tradeoff between
positive and negative exploration signal 2025)). For example, if we set by = 0.5, then an
answer will get a positive exploration signal if it has been visited less than 4 times, and a negative
signal otherwise. One issue with the baseline formulation is that, in the case where all answers in the
batch are correct, then we have A; = 0 for all ¢, and thus the exploration signal will dominate the
training objective. After the beginning of the training, this objective will assign a negative gradient to
the batch where all the answers are correct. To prevent this undesirable behavior, in this case (for
both UCB-Mean and UCB-Con) we simply assign zero exploration bonus to all answers in the batch,
thus recovering the regular GRPO objective.

3.2.1 UCB with a Baseline Generalizes towards Test Performance

We compare these three variants with the GRPO baseline, and the partial results are summarized in
Figure [3|and Figure[d For the training performance, we observe that adding a baseline slightly hurts
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Figure 5: Training performance comparison between Batch and UCB-Con, Llama3.1-8B-Instruct
on the easy dataset (left) and Qwen2.5-7B on the medium dataset (right). For each subplot: Left:
fraction of questions solved so far; Right: number of different answers sampled on the questions
that the model has yet to solve (i.e., sample one correct answer historically). The x-axis denotes the
number of gradient updates as we train all models fully on-policy. We repeat each experiment with 3
different random seeds and plot the mean performance.

the training performance, but UCB-Con still outperforms GRPO. On the other hand, both UCB-Mean
and UCB-Con consistently improve the test performance across different models and datasets. While
UCB-Mean improves over UCB and GRP0O, UCB-Con achieves the best frontier performance as it achieves
the best pass@k performance for all k£’s in most of the settings. Another observation is that under our
large number of epochs training setup, vanilla RL (GRPO) sometimes suffers from overoptimization as
even the pass@Fk performance degrades after a certain number of epochs, while RL with exploration
mitigates this issue. See Table [3|and Table |4{for a quantitative comparison.

However, in general, one should not expect global exploration to achieve a high pass@k when k is
large, especially at the end of the training. A pedagogical example is that, to maximize the exploration
bonus, the model can generate a batch of the same answers that currently has the least visitation
counts. Indeed, in the theoretical RL literature, the goal of exploration is usually to return a policy
that is deterministic (and optimal) (Azar et al.| 2017). While in general adding exploration bonus
does provide better pass@k with large k than vanilla RL, we observe that in certain settings the final
pass@k for k = 8,16, 32 is similar to that of vanilla RL.

3.3 Batch Exploration

The above issue suggests a fundamental but subtle difference between the goal of traditional RL
exploration and the goal of exploration in the LLM reasoning setting. In traditional RL, the goal
of exploration is to find the optimal policy which maximizes the expected return (corresponding to
pass@1), while in the LLM reasoning setting, in addition to pass@ 1, sometimes we also care about
the diversity of the generation which determines the model’s capacity towards test-time scaling (Wu
et al.,[2024). To encourage the model to generate diverse answers, we consider a different exploration
strategy, batch exploration, which directly rewards the model to generate diverse answers regardless
of their historical behavior. In particular, in batch exploration we propose the (Batch) objective, with
buch (, a;) in Equation (2)) replaced by:

1
boateh (7, {ys, ai tisy); = - Z H{a; = a;},
J#i
where we simply penalize each answer based on how repetitive it is in the batch. We remark that we
also experimented with the positive version of the batch exploration bonus where we provide a bonus

of 1 for unique answers in the batch, but our result shows that such positive batch exploration bonus
does not provide meaningful improvement in either training or test results.

We summarize the experimental results in Figure[5|and Figure[6] and defer the remaining train results
to Figure[9]and test results to Figure[T0] We focus on comparing Batch with UCB-Con for a cleaner
presentation since both methods outperform the GRPO baseline consistently. We observe that in
general, Batch achieves worse performance during the training, as measured by both the fraction of
questions solved and the number of different answers generated. However, note that the objective of
Batch is not designed to explicitly optimize these two metrics. One can also consider a pedagogical
failure of batch exploration as the model keeps sampling the same n distinct answers in each epoch
for each question it could not solve yet, and thus no real exploration is performed during training.
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Figure 6: Test performance comparison between Batch and UCB-Con, with Llama3.1-8B-Instruct
on the easy dataset (top) and Qwen2.5-7B on the medium dataset (bottom). We report pass @k for
ke {1,2,4,8,16,32} at every 20 training steps. We repeat each experiment with 3 different random
seeds and plot the mean performance. The metrics are calculated based on 32 samples per question
during evaluation.

As for test performance, in general Batch achieves similar peak pass @k performance as UCB-Con
(with slight degradation in some settings), but Batch consistently achieves better diversity at the end
of the training, as measured by the pass @k performance for large k. See Table |4 for a quantitative
comparison. This suggests that batch exploration might be preferable if the objective is to achieve
tradeoff between generation accuracy and diversity at test time.

4 Additional Analysis on Historical and Batch Explorations

In the previous section, we compared historical exploration and batch exploration in terms of their
training dynamics. Overall, historical exploration is superior, as it solves more questions and
accumulates more diverse answers over time. This is expected, since both metrics are inherently
historical in nature. In this section, we turn to additional aspects of exploration, focusing in particular
on batch-level statistics during training.

Generation Entropy. Entropy has been used as a measure of model diversity and as a tool to
encourage exploration (Cheng et all 2025} [Zheng et all, 2025). We compare entropy at training
step 400 of the Qwen 2.5-7B model on the medium dataset, trained with GRPO, UCB-Con, and Batch.
For each method, we report the average entropy of correct and incorrect generations separately
(Table[T). As expected, correct generations have lower entropy than incorrect ones. Among incorrect
generations, however, Batch achieves substantially higher entropy than both GRPO and UCB-Con.
Since entropy is measured on the current model rather than accumulated over training, this suggests
that batch exploration produces more entropic, and potentially more diverse, generations when
considering a single checkpoint. That said, the absolute entropy values remain low across all methods,
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consistent with the fact that we do not explicitly optimize for entropy, unlike entropy-regularized
exploration approaches.

Table 1: Entropy comparison of GRPO, UCB-Con and Batch, measured on correct generation, incorrect
generation and all generations. We repeat for 2 random seeds and report the mean and standard
deviation (in parentheses).

| Correct Generation | Incorrect Generation | All
GRPO 0.080 (0.01) 0.096 (0.04) 0.095 (0.02)
UCB-Con 0.084 (0.01) 0.103 (0.03) 0.100 (0.02)
Batch 0.086 (0.01) 0.153 (0.07) 0.125 (0.03)

Batch Generation Diversity. To directly measure batch-level diversity, we consider the number
of distinct answers sampled within each batch. Results are shown in Table 2| As expected, Batch
consistently produces more distinct answers than UCB-Con, since it directly optimizes for batch
diversity.

Table 2: Comparison of different exploration strategies based on the number of different answers
sampled in a batch with size of 8. We additional cluster the statistics based on whether the question
has been solved. We repeat for 2 random seeds and report the mean and standard deviation (in
parentheses).

| Solved Question | Unsolved Question | All
GRPO 2.279 (0.018) 4.805 (0.075) 2.883 (0.024)
UCB-Con | 2.272 (0.020) 4.855(0.084) | 2.926(0.035)
Batch 2.284 (0.057) 5.390 (0.102) 3.230 (0.062)

Finally, we remark on the interaction between historical and batch exploration. In principle, it is
possible to construct counterexamples where historical exploration converges to a nearly deterministic
policy—thus sacrificing test-time diversity—or where batch exploration cycles through a small set of
answers without improving training dynamics. These pathologies highlight that the two notions are
not guaranteed to substitute for one another. In practice, however, our empirical results suggest a
complementary relationship: historical exploration, by encouraging broader coverage of the training
space, naturally increases the diversity available to each batch, while batch exploration, by promoting
variation within each batch, in turn helps prevent premature collapse during training. Taken together,
these findings indicate that historical and batch exploration are not mutually exclusive.

5 Conclusion and Discussion

In this paper, we study the diversity degradation problem in LLM reasoning post-training through
the analysis of RL as sampling. We observe two key phenomena: the generalization of diversity
degradation and the tractability of outcome space in verifiable reasoning tasks. Based on these
observations, we adopt the classical RL exploration strategy UCB in the outcome space, and a
careful treatment between positive and negative exploration signals achieves improvement in test
performance in the pass@¥k metrics for all k. We also identify the distinction of the historical
exploration in traditional RL and batch exploration that is more specific in the LLM reasoning setting,
and derive the outcome-based batch exploration algorithm, which achieves better accuracy-diversity
tradeoff at test time. Finally we provide more in-depth analysis on the connection of historical
exploration and batch exploration.

There are a few limitations of our work. First, our current algorithms only apply to the verifiable
domain, and problems with a tractable outcome space, extending them to more general settings is an
interesting future direction. Second, currently we only evaluate our methods on the single-turn bench-
marks, and we believe exploration plays an even more significant role under the multi-turn settings.
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A Related Work

A.1 Diversity Degradation in LLM Post Training

Reinforcement Learning has become the de facto method for finetuning large language models
(LLMs) towards specific objectives, such as maximizing human preference (Ouyang et al., [2022]),
or improving the reasoning ability of LLMs (Jaech et al.,|2024). In the reasoning domain, it has
been shown that simply rewarding the model based on the correctness of the final answer, without
any intermediate reward, can significantly improve the final accuracy (Shao et al.| 2024; |Guo et al.}
2025)). However, it has been observed that, during the RL training (or even SFT), the diversity of the
generations decreases significantly (Song et al.| 2024; |Dang et al.,|2025}; [Yue et al.l 2025; Wu et al.,
2025)), as measured with the pass@#k metric. In the non-reasoning domain, similar observations have
also been made, where post-training improves the performance of the model on the main metric, but
at the cost of losing diversity, measured by either semantic or syntactic metrics (Kirk et al., 2023;
O’Mahony et al., [2024} |Yun et al., 2025).

A.2 Exploration in LLM Post Training

Enhancing exploration during RL training has been considered the key towards addressing diversity
issues during either training or testing. In the preference fine-tuning domain, Xie et al.[(2024)); |Cen
et al.| (2024)); Zhang et al.| (2024a) propose to use the likelihood of the base model as an exploration
bonus. [Lanchantin et al.| (2025) proposes to label ranking of the data based on their diversity in
the preference learning process. Xiong et al. (2023); Bai et al.| (2025) theoretically analyzes the
guarantees of RL with exploration under the linear setting. In the reasoning domain, (Gao et al.|
2025) directly uses Random Network Distillation (Burda et al.,|2018]), a canonical exploration bonus
in Deep RL, as an exploration bonus to encourage the model to explore different traces. (Cheng et al.
(2025); |Zheng et al.| (2025)) proposes to leverage entropy to encourage exploration. (Chen et al.| (2025)
leverages pass@Fk training objective (Tang et al., [2025)) to improve the batch diversity during training.
Setlur et al.| (2025) proposes to improve model’s length generalization towards self-correction. Finally,
Tajwar et al.| (2025) uses multi-task training towards multi-turn exploration. Note that outcome based
method is complimentary to all these methods, and can be potentially combined with them to further
improve the diversity.

A.3 Exploration in theoretical RL

In the tabular setting, exploration has been studied extensively through count-based methods such as
R-max (Brafman & Tennenholtz, |2002), E3 (Kearns & Singhl 2002), culminating in near-optimal
PAC and regret guarantees via optimism in the face of uncertainty (Azar et al.| [2017} Jin et al.|
2018} Zhang et al., 2024b). These approaches rely on visitation counts to construct exploration
bonuses. In linear MDPs, counts are replaced by confidence sets in feature space. Algorithms such as
UCRL-VTR (Yang & Wang] |2019) and LSVI-UCB (Jin et al.| 2020) establish polynomial sample
complexity, achieving regret bounds scaling with the feature dimension d rather than the number
of states. Subsequent refinements obtained nearly minimax-optimal guarantees (Ayoub et al.,2020;
Zhou et al., 2021} |/Agarwal et al.| [2023)), with extensions to the discounted setting (Moulin et al.,
2025)) or model-based setting (Song & Sunl 202 1)) showing that the principle of optimism extends
naturally from tabular counts to linear function approximation. The majority of these works share the
same bonus-based exploration approach as our historical exploration method. Thompson sampling
(Russo & Van Royl, 2014, [2018)) is another popular exploration strategy that has been shown to
achieve similar theoretical guarantees in both tabular and linear settings (Osband et al., 2013, 2016;
Modi & Tewari, [2020). Finally, beyond tabular and linear settings, exploration in RL with general
function approximation has been studied under various structural assumptions (Krishnamurthy et al.,
2016; Jiang et al.,[2017; Du et al.} 2021} |[Foster et al.,|2021). However, these methods do not enjoy
computational efficiency as opposed to the bonus-based methods.
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Figure 7: Training performance comparison between different UCB variants and the GRPO baseline,
with Llama3.1-8B-Instruct on the medium dataset (left) and Qwen2.5-7B on the easy dataset (right).
For each subplot: Left: fraction of questions solved so far; Right: number of different answers
sampled on the questions that the model has yet to solve (i.e., sample one correct answer historically).
The x-axis denotes the number of gradient updates as we train all models fully on-policy. We repeat

each experiment with 3 different random seeds and plot the mean performance.
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Figure 8: Test performance comparison between different UCB variants and the GRPO baseline, with
Llama3.1-8B-Instruct on the medium dataset (top) and Qwen2.5-7B on the easy dataset (bottom).
We report pass@F for k € {1,2,4,8,16,32} at every 20 training steps. We repeat each experiment
with 3 different random seeds and plot the mean performance. The metrics are calculated based on
32 samples per question during evaluation.
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Figure 9: Training performance comparison between Batch and UCB-Con, Llama3.1-8B-Instruct
on the medium dataset (left) and Qwen2.5-7B on the easy dataset (right). For each subplot: Left:
fraction of questions solved so far; Right: number of different answers sampled on the questions
that the model has yet to solve (i.e., sample one correct answer historically). The x-axis denotes the
number of gradient updates as we train all models fully on-policy. We repeat each experiment with 3

different random seeds and plot the mean performance.
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Figure 10: Test performance comparison between Batch and UCB-Con, with Llama3.1-8B-Instruct
on the medium dataset (top) and Qwen2.5-7B on the easy dataset (bottom). We report pass@¥k for
k€ {1,2,4,8,16,32} at every 20 training steps. We repeat each experiment with 3 different random
seeds and plot the mean performance. The metrics are calculated based on 32 samples per question
during evaluation.

16



495

C Quantitative Results

Table 3: Quantitative comparison of different baselines on pass@ 1 and pass @32 at the best checkpoint.
The best results are in bold. Note that UCB-Con in general achieves the best peak performance.

L8B Q7B
Method Math DAPO Math DAPO
Pass@1 Pass@32 Pass@l Pass@32 Pass@]1 Pass@32 Pass@1 Pass@32

VanillaRL  0.231 0.465 0.218 0.474 0.385 0.634 0.403 0.627
UCB 0.236 0.472 0.214 0.473 0.379 0.635 0.397 0.627
UCB-Mean 0.239 0.462 0.223 0.473 0.387 0.618 0.407 0.633
UCB-Con 0.242 0.473 0.243 0.448 0.395 0.636 0.419 0.642
Batch 0.241 0.467 0.229 0.469 0.390 0.629 0.413 0.631

Table 4: Quantitative comparison of different baselines on pass@1 and pass@32 at the final check-
point. The best results are in bold. Note that Batch in general achieves the best final performance in
terms of pass@32.

L8B Q7B
Method Math DAPO Math DAPO
Pass@1 Pass@32 Pass@l Pass@32 Pass@]1 Pass@32 Pass@1 Pass@32

VanillaRL  0.215 0.395 0.196 0.362 0.381 0.593 0.399 0.580
UCB 0.233 0.425 0.208 0.388 0.372 0.582 0.392 0.580
UCB-Mean 0.233 0.414 0.221 0.372 0.387 0.586 0.407 0.603
UCB-Con 0.228 0.417 0.242 0.393 0.391 0.578 0.419 0.589
Batch 0.238 0.426 0.227 0.410 0.382 0.610 0.412 0.594
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D Implementation Details

Our codebase is developed based on the verl codebase (Sheng et al., 2024). Thus we use the verl
naming convention for the hyperparameters. For all our experiments, we use the hyperparameters in
TableE]unless otherwise specified. For all Llama experiments, we set bonus coefficient ¢ = 0.1, and
for all Qwen experiments, we set ¢ = 0.2. For UCB-Con, we set by = 1 for easy dataset and by = 0.5
for medium dataset.

Table 5: Comparison of different exploration strategies based on the number of different answers
sampled in a batch. We repeat for 2 random seeds and report the mean and standard deviation (in
parentheses).

Name | Value
train batch size 256
learning rate le-6
ppo mini batch size 256
kl loss coef 0.001
entropy coeff 0
rollout.n 8
rollout.val_kwargs.temperature 1
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