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Supplementary Material for Paper #13557
""Act Only When It Pays: Efficient Reinforcement
Learning for LLM Reasoning via Selective Rollouts"

A Overview

We begin in Section [B|by discussing the limitations of our method. Section [C|highlights the broader
societal and practical impact of improving rollout efficiency for LLM training. Section [E|details our
experimental setup, and Section [F] presents additional empirical experiments and analysis.

B Limitations

While GRESO effectively filters out the most obvious zero-variance training prompts—those that
contribute no learning signal to the model, it does not estimate or rank the value of the remaining
prompts, which can also contain uninformative prompts that provide limited contribution to training.
A potential future work for GRESO is to extend its filtering mechanism beyond binary decisions by
incorporating a finer-grained scoring or ranking system to prioritize prompts based on their estimated
training utility. Despite that, we view GRESO as an important first step toward such an advanced data
selection algorithm for efficient rollout and believe it provides a solid foundation for more adaptive
and efficient reinforcement learning in LLM training.

C Broader Impact

This work enhances the efficiency and scalability of RL-based fine-tuning for language models by
introducing a lightweight, selective rollout mechanism that filters out uninformative prompts. By
significantly reducing redundant computation, our method lowers overall training costs. This makes it
easier for institutions with limited computational budgets to train strong models, helping democratize
access to advanced Al. Furthermore, our approach promotes more sustainable and resource-efficient
practices, encouraging future research toward greener and more inclusive large-scale training.

D Reproductivity

We introduced our detailed experimental setting in Section |Ef and we also include our code in the
supplementary material.

E Detailed Experimental Setting

Models & Datasets. We run our experiments on Qwen2.5-Math-1.5B [14], DeepSeek-R1-Distill-
Qwen-1.5B [3]], and Qwen2.5-Math-7B [14]]. For Qwen2.5-Math-1.5B/7B models, we use 4096 as the
context length, as it is the maximum context length for those two models. For DeepSeek-R1-Distill-
Qwen-1.5B, we set the context length to 8196. For training datasets, we train our methods on two
datasets in two settings: 1) DAPO+MATH (DM): We combine the DAPO dataset [15]], which contains
only integer solutions, with the MATH dataset [6], which also contains LaTeX-formatted solutions.
We find that training on DAPO alone can degrade performance on LaTeX-based benchmarks, so we
augment it with MATH to preserve formatting diversity and improve generalization. 2) OPEN-R1
30k subset (R1): A 30,000-example subset of the OPEN-R1 math dataset [4].
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Training. Our method is implemented based on verl [12]] pipeline and uses vLLM [§] for rollout.
We use 4xH100 for Qwen2.5-Math-1.5B training and 8xH100 for Qwen2.5-Math-7B and DeepSeek-
R1-Distill-Qwen-1.5B. We set the rollout temperature to 1 for vLLM [8§]]. The training batch size is
set to 256, and the mini-batch size to 512. We sample 8 responses per prompt. We set the default
rollout sampling batch size as 384. For DeepSeek-R1-Distill-Qwen-1.5B, we set the context length
to 8196. The training batch size is set to 128, and the mini-batch size to 512. We also sample 8
responses per prompt. We set the default rollout sampling batch size as 192. We train all models
for 1000 steps, and we optimize the actor model using the AdamW [L1]] optimizer with a constant
learning rate of le-6. We use 51 = 0.9, 8> = 0.999, and apply a weight decay of 0.01. We use
the following question template to prompt the LLM. For reward assignment, we give a score of 0.1
for successfully extracting an answer and a score of 1.0 if the extracted answer is correct. Similar
to [15]], we remove the KL-divergence term. The optimization is performed on the parameters of
the actor module wrapped with Fully Sharded Data Parallel (FSDP) [17] for efficient distributed
training. We use 4 H100 for Qwen2.5-Math-1.5B training and 8 H100 for Qwen2.5-Math-7B and
DeepSeek-R1-Distill-Qwen-1.5B (as it has a longer context length.) We set the targeted zero-variance
percentage to 25% for all experiments and allocate it between easy and hard prompts in an 1 : 2
ratio (i.e., 8.3% for easy and 16.7% for hard zero-variance prompts), based on the intuition that,
as models become more capable during training, more exploration on hard examples can be more
beneficial. However, a more optimal allocation scheme may exist, which we leave for future study.
We set the initial exploration probability to 50% and base exploration probability adjustment step
size Ap for base exploration probability to 1%. We also set a minimal base exploration probability to
5% to ensure a minimal level of exploration on zero-variance prompts throughout training.

GRESO with Fixed Parameters Across All Experiments. Although GRESO introduces a few
hyperparameters, we argue that hyperparameter tuning is not a major concern in practice. We designed
GRESO (e.g., self-adjustable base exploration probability) to be robust under default settings and
conducted all experiments using a single fixed set of hyperparameters across models and tasks. The
consistent performance observed across different models and tasks demonstrates that GRESO does
not rely on extensive hyperparameter tuning, making it both practical and easy to integrate into
existing RL fine-tuning pipelines.

Evaluation. For benchmark datasets, we use six widely used complex mathematical reasoning
benchmarks to evaluate the performance of trained models: Math500 [6} [10], AIME24 [1], AMC [2],
Minerva Math [9], Gaokao [[16]], Olympiad Bench [5]]. Same as the training setting, For Qwen2.5-
Math-1.5B/7B models, we use 4096 as the context length. For DeepSeek-R1-Distill-Qwen-1.5B,
we set the context length to 8196. Similar to [13]], we evaluate models on those benchmarks every
50 steps and report the performance of the checkpoint that obtains the best average performance on
six benchmarks. We evaluate all models with temperature = 1 and repeat the test set 4 times for
evaluation stability, i.e., pass@Q1(avg@4), for all benchmarks.

Question Template

Please solve the following math problem: {{Question Description}}. The assistant first thinks

about the reasoning process step by step and then provides the user with the answer. Return the
final answer in \boxed{ } tags, for example \boxed{1}. Let’s solve this step by step.
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F Additional Experiments

F.1 TImpact of Targeted Zero-variance Percentage

0%

I
=]
8
3

# Rollout per Step
g
8

In this section, we study how varying the targeted zero-variance 7000
percentage impacts training and rollout efficiency. In addition — em
to the default setting of 25% used throughout our experiments, o 50% W
we also evaluate alternative values of 0, 50%, 100% (i.e., always —

allow exploration). As shown in Table[T] different zero-variance

targets give us nearly identical accuracy. We also present the

number of rollouts per step in Figure [l When we reduce the 3000

targeted zero-variance ratio to 0, we observe that the number

of rollouts per step remains similar to that of the 25% setting. ~ ~© @ T
This lack of difference can be attributed to two factors. First, we

enforce a minimum exploration rate of 5%, which ensures that Figure 1: Comparison of the num-
some exploration still occurs. As a result, the actual zero-variance ber of rollouts across different tar-
percentage never truly reaches 0. Second, we always oversample get zero-variance ratios.

some data in the first batch of rollouts in each iteration to provide

some redundancy to avoid the second batch of rollouts. With this setting, as long as the first batch
generates enough effective training data to fill the training batch, regardless of whether the target is 0
or 25%, the total number of rollouts remains approximately the same. In addition, as the targeted
Zero-variance percentage increases, more zero-variance prompts are allowed during rollout, leading
to a higher number of rollouts per step. When the targeted percentage becomes sufficiently large,
GRESO gradually approaches the behavior of dynamic sampling with adaptive rollout batch size.

Table 1: Average accuracy across six math reasoning benchmarks under different targeted zero-
variance percentages.

Target (%) | 0 25 50 100
Acc. (%) ‘48.1 48.5 48.5 484

F.2 Alternative Design: Linear Backoff

In addition to the probabilistic filtering approach introduced in
Section 4.2 of the main paper, we also explored an alternative
solution for filtering zero-variance prompts during the early stages
of this project. One such method is the backoff algorithm [
(e.g., linear backoff). Specifically, if a prompt is identified as
zero-variance in the most recent k rollouts, it is skipped for the
next k training epochs. However, there are several limitations to
this approach. As discussed in Section 4 of the paper, the degree
of exploration should adapt to the model, dataset, and training —
stage. The linear backoff algorithm schedules the next rollout o 1$$ain§n5;’ St:g” 0 300
for a zero-variance prompt k£ epochs into the future. As a result,

if we wish to adjust the exploration intensity dynamically based Figure 2: Zero-variance prompt
on new observations or evolving training dynamics, the backoff —ratio dynamic for linear backoff.
algorithm cannot directly affect prompts that have already been

deferred to future epochs. For instance, as shown in Figure[2} unlike probabilistic filtering, filtering
based on linear backoff can cause periodic fluctuations in zero-variance prompt ratio, which differs
from the smoother dynamics enabled by probabilistic filtering This lack of flexibility limits its ability
to adapt exploration strategies in a fine-grained or responsive manner, which motivated the design of
our current GRESO algorithm based on probabilistic filtering.

—— Linear Backoff

o ° I °
N w IS o

Zero-Variance Ratio

°
s

o
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F.3 Case study of Filtered Examples

To better understand the behavioral patterns of our selective filtering algorithm, we present a case
study of prompts that were frequently skipped or selected during training from the MATH [6] dataset.
We categorize the examples into three groups: Frequently Skipped Prompts (Easy), Frequently
Skipped Prompts (Hard), Frequently Selected Prompts. We observe that frequently skipped easy
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prompts often involve straightforward calculations or routine applications of formulas, making them
more likely to be solved across all sampled responses. Frequently selected prompts tend to exhibit
moderate difficulty, contributing more consistently to model improvement. As for frequently skipped
hard prompts, these problems are too challenging for the model to solve, even across multiple rollouts,
resulting in zero variance among the rewards and ultimately failing to contribute to training.

Frequently Skipped Prompts (Easy)

1. Question: Johnny has 7 different colored marbles in his bag. In how many ways can he
choose three different marbles from his bag to play a game? Solution: 35.

2. Question: The number 7 is a prime number between 20 and 30. If you divide n by 8, the
remainder is 5. What is the value of n? Solution: 29.

3. Question: Evaluate: 10152:'350 Solution: 10.

4. Question: The Ponde family’s Powerjet pumps 420 gallons of water per hour. At this rate,
how many gallons of water will it pump in 45 minutes? Solution: 315.

5. Question: Suppose that n, n+1,n+2, n+ 3, n+4 are five consecutive integers. Determine
a simplified expression for the sum of these five consecutive integers. Solution: 5n + 10.

N /

Frequently Skipped Prompts (Hard)

1. Question: A parabola and an ellipse share a focus, and the directrix of the parabola is the
line containing the minor axis of the ellipse. The parabola and ellipse intersect at two points.
2

Given that the equation of the ellipse is % + % = 1, find the distance between those two
points. Solution: —4@.

2. Question:litriangyBC, AB = AC = 100, and BC = 56. Circle P has radius 16 and
is tangent to AC and BC. Circle @) is externally tangent to P and is tangent to AB and BC.
No point of circle @ lies outside of AABC. The radius of circle ) can be expressed in the
form m — n\/k, where m, n, and k are positive integers and k is the product of distinct primes.
Find m + nk. Solution: 254.

3. Question: Let FFGH, FFDC, and EH BC be three adjacent square faces of a cube, for
which EC = 8, and let A be the eighth vertex of the cube. Let I, J, and K, be the points
on EF, EH, and EC, respectively, so that I = EJ = FK = 2. A solid S is obtained
by drilling a tunnel through the cube. The sides of the tunnel are planes parallel to AE, and
containing the edges I.J, JK, and K I. The surface area of S, including the walls of the tunnel,
is m + n,/p, where m, n, and p are positive integers and p is not divisible by the square of any
prime. Find m + n + p. Solution: 417.

4. Question: Let a and b be nonnegative real numbers such that
sin(ax + b) = sin 29z
for all integers . Find the smallest possible value of a. Solution: 107 — 29.

5. Question: Four people sit around a circular table, and each person will roll a standard
six-sided die. What is the probability that no two people sitting next to each other will roll the
same number after they each roll the die once? Express your answer as a common fraction.
Solution: 23.
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Frequently Selected Prompts

1. Question: Let x,y, and z be three positive real numbers whose sum is 1. If no one of
these numbers is more than twice any other, then find the minimum value of the product xyz.
Solution: 5.

2. Question: The number

e77rz/60 + 61771'2/60 +6277rz/60 + 6377rz/60 +e477rz/60

. 9
is expressed in the form re??, where 0 < 0 < 2. Find 6. Solution: 2—7(1)-

3. Question: For what values of x is
x — 102? + 2523
8 — a3
nonnegative? Answer as an interval. Solution: [0, 2).

4. Question: Determine all real numbers a such that the inequality |22 + 2az + 3a| < 2 has
exactly one solution in . Solution: 1, 2.

5. Question: By starting with a million and alternatively dividing by 2 and multiplying by 5,
Anisha created a sequence of integers that starts 1000000, 500000, 2500000, 1250000, and so
on. What is the last integer in her sequence? Express your answer in the form a®, where a and
b are positive integers and a is as small as possible. Solution: 5'2.

-
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