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Abstract

Reinforcement learning (RL) fine-tuning has proved to be highly effective at
inducing strong reasoning capabilities of large language models. However, it is
data intensive, requiring large amounts of high-quality data, which is often difficult
to collect. We attempt to improve the data efficiency of RL fine-tuning by budget
forcing: forcing the model to use a minimum number of tokens during the RL
sampling process. The idea is that by forcing the model to spend more tokens during
thinking, it will generate more correct responses, leading to more training signal per
reasoning problem. We test this idea on two base models and two reasoning tasks.
We find that although budget forcing leads to more reward signal in the early stages
of training, the advantage diminishes and the method ultimately under-performs
compared to the baseline. Finally, we analyze why our budget forcing algorithm
fails. We release our code athttps://github.com/jbxnes/deepseek-sill
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Figure 1: Budget forcing leads to higher reward signal in the early stages of GRPO training. However,
these benefits diminish as training progresses and the model underperforms in the long run compared
to the baseline.

1 Introduction
DeepSeek-R1 demonstrated that reinforcement learning (RL) is effective in inducing strong reasoning

capabilities of large language models (LLMs), but the process is data-intensive DeepSeek-Al et al.
[2025]. Although DeepSeek did not open-source their data, community efforts to reproduce R1
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suggest that at least hundreds of thousands of high-quality data samples are needed Face|[2025].
Since gathering high-quality data is often difficult and costly, improving the data efficiency of RL
fine-tuning is an important problem: we want to achieve the same level of reasoning capabilities
using less data.

DeepSeek uses a rule-based correctness reward in their RL sampling process. For each reasoning
problem, multiple answers are sampled from the model. A correct answer receives a reward of 1,
otherwise the reward for that answer is 0. |DeepSeek-Al et al.|[2025]]. Under this premise, the amount
of training signal the model receives from each problem is determined by the number of correct
generations. Thus, a natural idea for improving data efficiency is to increase the number of correct
generations by intervening the model’s generation process. Such interventions might increase the
computational cost of the generation process, but since data is often more tightly constrained than
computation in RL fine-tuning [Foster et al.| [[2025]], a method that achieves higher data efficiency at
the cost of more computation can still be useful.

In this work, we investigate whether applying budget forcing during RL sampling improves data
efficiency. Formulated in Muennighoff et al.| [2025]], budget forcing is an intervention that ensures
that the number of tokens generated by the model is at least n and at most N for some desired budgets
n and N. We consider a less restricted form of budget forcing to ensure that in most responses,
the model uses at least n tokens on thinking. Specifically, if the model terminates thinking before
reaching the desired budget, then we append the token "Wait" to the tokens generated so far, and feed
the result back into the model to continue generation. This process is repeated as necessary until the
desired minimum budget is reached.

We apply budget forcing to sample responses during RL fine-tuning while keeping the other compo-
nents of the pipeline unchanged. We experiment with different choices of the minimum budget n.
We consider two models and two tasks: the Qwen-2.5-3B/7B-Instruct models |Qwen et al.| [2025]] and
the GSM8K |Cobbe et al.| [2021]] and MATH (levels 3-5) Hendrycks et al.|[2021] datasets.

In our experiments, we observe that budget forcing leads to higher training reward in the very early
stage of training, indicating that the model gets more training signals from the first few data points.
However, this advantage quickly diminishes as training progresses and the model sees more data.
Eventually, budget forcing leads to both lower training reward in the later stage of training and worse
test performance.

This article is organized as follows:

* In Section 2] we briefly survey related works.
¢ In Section E} we describe GRPO |Shao et al.|[2024]], the RL algorithm we work with.

* In Sectiond] we provide a formal description of our budget forcing method. We define our
hypothesis that it improves data efficiency and describe our framework for testing it.

* In Section[5] we present the details of our experimental setup and results. We analyze our
results to conclude that our method fails to improve data efficiency in a meaningful way.

* In Section[6] we discuss why our method fails and potential future directions.
¢ In Section[/] we summarize the main conclusions of our work.

2 Related Work

RL fine-tuning for reasoning: While RL has been used to align LLMs with human preferences
Ouyang et al.[[2022]] and training models to self-correct its reasoning mistakes Kumar et al.|[2024],
DeepSeek-R1 is the first open research achieving on-par performance with OpenAI’s ol models
using pure RL fine-tuning DeepSeek-Al et al.| [2025]]. There are also theoretical results suggesting
that verifier-based RL fine-tuning is superior to verifier-free supervised fine-tuning (SFT) given a
fixed data and compute budget Setlur et al.| [2025]]. Many works since the release of R1 study the
data and base model requirements for effective RL fine-tuning Zeng et al.|[2025]|Gandhi et al.| [2025].
DeepSeek-R1 uses the Group Relative Policy Optimization (GRPO) algorithm proposed in|Shao et al.
[2024]], and some works propose alternative RL optimization algorithms to GRPO|Chu et al.| [2025].
In this work, we fix the algorithm to be GRPO and choose a data/base model combination where RL
fine-tuning already works well-enough to investigate whether budget forcing improves the training
data efficiency.



Budget forcing: Budget forcing is introduced in | Muennighoft et al.|[2025]] as a method for scaling
up inference-time compute. Specifically, they first apply SFT to a pre-trained LLM on a small
high-quality reasoning dataset. Next, given a desired minimum budget n and maximum budget IV,
if the model terminates before generating at least n tokens, they use the word "Wait" to replace
the end of thinking token so the model continues generation. If the model generates more than [NV
tokens, then the generation is forcefully terminated. This method has shown to significantly improve
test performance as the budget scales up, allowing a 32B base model to achieve the same level of
performance as OpenAI’s ol-preview Muennighoff et al.| [2025]. This makes budget forcing an
attractive candidate for increasing training signal during RL. In this work, we adapt budget forcing
and apply it during RL training rather than during inference. We only enforce a minimum budget
and not a maximum budget. Further, instead of replacing the end of thinking token with "Wait", we
append "Wait" after it.

3 Background

In this work, we adopt the Group Relative Policy Optimization (GRPO) algorithm used in DeepSeek-
Al et al.|[2025]. Unlike proximal policy optimization (PPO), GRPO does not require a critic model
which is typically the same size as the base model. Instead, it estimates the advantage from group-
normalized scores, allowing for less memory costs. For each reasoning problem ¢, GRPO samples
a group of outputs {01, 09, . ..,0¢} from the old base model 7y,,, and optimizes the model 7y by
maximizing the following objective:
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where € and [ are hyper-parameters. A; is the advantage computed using a group of rewards
{r1,r2,...,rq}, where each r; is a rule-based correctness reward computed using o;. For example,
we can use a verifier on o;, and return r; = 1 if o; is correct, and r; = 0 otherwise.

r; —mean({ry,re,...,7g})

A=
Std({?"l, T2, ... 77“(;})

(3)
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Figure 2: Both average response length
and accuracy scale with minimum bud-
get, showing that budget forcing leads to
Due to resource constraints, in contrast to s1 [Muennighofff MOre correct responses per problem.

et al.| [2025]], we apply a non-strict form of budget forcing.

First, we use a system prompt to instruct the model to put

its reasoning trace between "<think>" and "</think>" (see Appendix [C|for the full system prompt).
Next, we fix a desired budget n, representing the (soft) minimum number of tokens we want the



model to use for thinking. We let the model generate its response token by token for a given prompt,
and whenever the generation so far ends with a "</think>" tag and the number of tokens generated
so far is less than n, we append the word "Wait" to the end of the generation, and feed the generation
back into the model to force it to keep thinking. An example of the budget-forced generation produced
during training is illustrated in Figure [3| (see Appendix [B]for other example model outputs). Formally,
the algorithm is described in algorithm 1]

A root of unity is a complex number that is a solution to z™ = 1 for some positive integer
n. Determine the number of roots of unity that are also roots of z? + az + b = 0 for some
integers a and b.

Response

<think>
To solve this problem, we need to understand the roots of the polynomial and the properties of
roots of unity. Roots of unity that lie on the unit circle in the complex plane can be expressed

as e>™#/™ for integers k and n. These roots will satisfy the polynomial equation 2™ = 1.
Conclusion:

The distinct roots that fit within 22 + az + bare 1, —1, w, w?.

</think>

Wait, correcting, there were 8 combinations generated by these roots:

Hence, we have 8§ unique configurations. Verification is consistent.
<answer> 8 </answer>

Figure 3: Budget forcing example. We add the word "Wait" after </think> to force the model to
think more.

Algorithm 1 Budget-Forced-Generation

Require: Prompt x, system prompt S, budget n, language model M
1: Prepend S'to
g < empty string
while model has not terminated generation do
t + M.next_token(x + g)
Append tto g
if g ends with </think> and len(g) < n then
Append ‘¢ Wait’’tog
end if
end while
return g
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To validate that our non-strict budget forcing can still lead to more correct responses, we compute
the accuracy of the Qwen-2.5-3B-Instuct model on 32 MATH (level 3-5) problems, evaluated over
16 responses per problem. We do budget forcing for each n in {0,512, 640, 768, 896, 1024} and
observe that as n increases, both the average response length and accuracy increase, as shown in
Figure

Although the idea of budget forcing is to ensure that the model uses at least n tokens for thinking, our
algorithm does not always guarantee this. For example, the model could fail to output a </think>
token. Even after "Wait" is appended once, the model might not output more </think> tokens in
the future, and our algorithm would fail to enforce the budget. However, we choose this algorithm
because it admits an implementation through the LogitsProcessor class of the vLLM library
Kwon et al.|[2023] that is fast enough for sampling model outputs during GRPO. In comparison,
the budget forcing algorithm used in Muennighoff et al.| [2025] decodes model outputs into text and



does string-level replacement, which cannot be done efficiently over batches of outputs. In addition,
we found that although the guarantee is not strict, the algorithm enforces the budget well enough in
practice. This is shown by the average response lengths of the model during training in Section [3]
We discuss the potential limitations of our approach more in Section [6]

GSMS8K

min budget  responses-per-problem | Qwen-2.5-3B-Instruct Qwen-2.5-7B-Instruct
0 (baseline) 8 77.6% 84.1%

256 8 67.9% 39.80%

512 8 67.9% 37.1%
0 (baseline) 16 82.0% 84.2%

256 16 79.0% 48.5%

512 16 72.6% 49.3%

Table 1: Final test accuracies of Qwen-2.5-3B/7B Instruct models on GSM8K at various min token
budgets and responses-per-problem.

To test our hypothesis, we run two sets of experiments:

1. We run GRPO training where the model responses are generated normally. This will be the
baseline to compare against.

2. We run GRPO training where the model responses are generated via budget-forced genera-
tion (Algorithm I)) while keeping everything else the same as the baseline above. We keep
the budget n fixed throughout any particular run and experiment with various choices of n
across different runs.

We only apply budget forcing during RL training, not during inference. For both sets of experiments,
the key metrics and measurements we focus on are:

* Reward throughout training. If our hypothesis is correct, we expect to see models trained
with budget forcing to reach a certain reward using less data. We also expect that after the
same number of training steps, models trained with budget forcing achieves higher reward.

* Final testing performance. Since budget forcing is not applied during inference, we use
test performance to evaluate whether the models generalize to the test-time environment.

* Average response length. Because our algorithm does not always strictly enforce the
budget, we monitor the response lengths during training.

S Experiments

5.1 Setup

In our experiments, we aim to evaluate the effect of budget forcing during GRPO training. To do this,
we consider various base model sizes, reasoning tasks, minimum token budgets, and responses-per-
problem. Our experiments were designed to test our hypotheses discussed in Section4]and answer
the following questions:

* Does budget forcing improve GRPO training? We hypothesize the benefits of budget forcing
during generation, i.e., more correct responses per problem, may lead to improved sample
efficiency, higher reward signal, and faster convergence during RL training.

* Does our method generalize at test time? Budget forcing is applied during GRPO training
but not at test time, thus the train and test RL environment is different. As such, the model
may learn to rely on budget forcing during training and underperform at test time.

Dataset: To understand how our method performs in different task settings, we considered reasoning
tasks of various difficulty. In particular, we chose two commonly used datasets for training and
evaluation: GSM8K |Cobbe et al.[[2021]] and MATH (level 3-5) Hendrycks et al.[[2021]]. Following



Zeng et al|[2025]], we categorize the GSM8K and MATH (level 3-5) datasets as easy and hard,
respectively.

MATH - Qwen-2.5-7B-Instruct

1000

0.8

800

0.6

Reward
=)
(=3
(=]

Response Length

0.4

400

0.2

0.0 200

0 50 100 150 200 250 0 50 100 150 200 250
Steps Steps

baseline min budget 640 —— min budget 768

min budget 896 min budget 1024

Figure 4: Reward and response length of Qwen-2.5-7B-Instruct during training on MATH at various
minimum token budgets.

Reward: We chose to use a rule-based reward function based purely on correctness, giving 2.0/1.0
reward (GSM8K/MATH) for a correct response and 0.0 otherwise. We chose not to apply any
formatting based reward as it has been shown to penalize exploration Zeng et al.[[2025]. As well, we
thought formatting reward would complicate our analysis as our method utilizes formatting related
tokens (i.e., </think>) during generation.

Models: We conducted experiments on the Qwen-2.5-3B/7B Instruct models |Qwen et al.| [2025] to
investigate the effect of our method at different base model scales. Due to compute constraints, we
use LoRA [Hu et al.| [2021]] with rank 64 to train all of our models.

Training Setup: For GSMS8K, we trained our models for 300 steps and considered token budgets
{0, 256, 512} and responses-per-problem {8, 16}. For MATH, we trained our models for 250 steps
and considered token budgets {0, 640, 768, 896, 1024 }. The token budgets were selected to all be
above the corresponding baseline models’ (min budget 0) average response length. Due to compute
constraints, we used a fixed batch size of 16 for all experiments (this includes all samples per problem),
so the models see a total of 600/300 problems (with responses-per-problem 8/16) for GSM8K and
500 problems for MATH. Finally, we used 4 gradient accumulation steps in GSM8K experiments
and 1 gradient accumulation step for MATH experiments.

MATH
min budget | Qwen-2.5-3B-Instruct Qwen-2.5-7B-Instruct
0 (baseline) 52.2% 50.30%
640 44.2% 40.6%
768 51.6% 37.4%
896 42.7% 38.0%
1034 49.7% 37.80%

Table 2: Final test accuracies of Qwen-2.5-3B/7B Instruct models on MATH at various min token
budgets.

Evaluation: We applied the same evaluation scheme in all experiment configurations. During
training, we monitored reward and average response length (in tokens). We also report final test
accuracies on a held-out dataset of 1.32k/1k problems (GSM8K/MATH). We used standard GRPO
training without budget forcing for comparison as a baseline.



5.2 Results

Does budget forcing improve GRPO training?: Reward training curves are shown in Figures|T]
and 4] (also see Figures[5]and[6]in Appendix [A). We observed a fairly consistent pattern across all our
experiments: GRPO with budget forcing typically achieves higher rewards early in training compared
to the baseline. However, these initial gains diminish over time, and the model underperforms in
the long run. Additionally, models with larger token budgets show a higher initial reward but also
experience a greater decline in performance as training progresses. This suggests a trade-off inherent
in our method—while higher budgets provide a stronger early reward signal, they tend to impair
long-term model performance.

Do models trained with budget forcing generalize to test-time?: As shown in Tables|l|and
models trained with budget forcing consistently show lower test accuracy compared to the baseline. In
most cases, this drop in test accuracy aligns with the corresponding decline in reward during training,
suggesting that budget forcing does generalize to test-time. However, we observed an exception
with Qwen-2.5-7B-Instruct on GSM8K. As shown in Figure[5]in Appendix [A] models trained with
budget forcing achieve high reward during training, competitive with the baseline. Despite this strong
training performance, they show a significant drop in test accuracy, as seen in Table

6 Limitations

There are several limitations of our budget forcing method in its current formulation. The most
significant limitation is compute. RL fine-tuning methods such as GRPO [Shao et al.| [2024] require
large amounts of compute. As such, existing works in the LLM reasoning literature typically work at
a larger scale compared to our setup. This includes larger models, larger batch sizes, longer response
lengths, and longer training runs. In this project, we were limited to a few NVIDIA A40 GPUs and
two NVIDIA A100 GPUs with long waiting times and limited run times. Due to these restrictions,
we had to make several sacrifices, such as: relatively smaller models, shorter response lengths, small
batch sizes, shorter training runs, and using LoRA |Hu et al.| [2021]] to reduce memory overhead
during training. We believe the setting we evaluated our method in, due to the compute restrictions,
was not the most suitable.

While budget forcing has shown to be successful during test-time |Muennighoff et al.|[2025]], it is still
uncertain if it can be successful during GRPO training. The responses generated from our budget
forcing algorithm have an irregular structure, and training on these responses could harm model
performance. To keep our approach simple, we resorted to appending the “Wait" token whenever the
</think> token is generated (assuming we are below budget). We believe this approach can harm
model performance because it is possible the model can detect when our budget forcing intervention
occurs, thus allowing the model rely on it during training. We believe replacing the </think> token
with “Wait" instead, as done Muennighoff et al.| [2025]], could address this.

In our method, budget forcing is applied during training but not at test-time. The model may learn to
rely on the budget forcing during training and under perform at test-time because the environment
is different. While we did discuss this in Section[5.2] we believe our experiments were not entirely
conclusive due to the compute constraints.

On easier tasks, the base model may already have sufficiently high reward signal. Thus, applying
budget forcing may do more harm than good. We believe our approach is more suitable for difficult
tasks, where the base model has low reward signal. We include some example outputs in Appendix [A]
showing that budget forcing may not help with reasoning when the output is already correct: the
model simply repeats itself.

7 Conclusion

In conclusion, our budget forcing method fails to improve the data efficiency of GRPO. In our
experiments, while budget forcing produces more reward signal during the early stages of training,
this advantage diminishes as the model sees more data and budget forcing ultimately performs worse
than normal sampling. However, because budget forcing does lead to more signal early on during
training, we believe that for a right model-task combination, the advantage could be magnified.
Moreover, we believe the idea of using more tokens during thinking to increase training signal has



potential, and a method that does not rely heavily on specific format structures of the model outputs
could be more successful.
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Appendix

A Additional Experimental Results

GSMSK - Qwen-2.5-7B-Instruct
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Figure 5: Reward and response length of Qwen-2.5-7B-Instruct during training on GSMS8K at various
minimum token budgets and responses-per-problem.
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Figure 6: Reward and response length of Qwen-2.5-3B-Instruct during training on MATH at various
minimum token budgets.

B Example Outputs of Budget Forcing During GRPO Training.

Three local dance studios have 376 students. The first two have 110 and 135 students. How
many students does the third studio have?
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Response

<think>
To find out how many students the third studio has, we need to subtract the number of students
in the first two studios from the total number of students.

The third studio has 131 students.

</think>

Wait, I realize I have the correct approach but made a slight error in my mental addition and
subtraction. Let’s recheck:

The total number of students in the first two studios adding up is actually 110 plus 135, which
is 245.

Now, subtracting this from the total number of students, 376, gives:
376 - 245 = 131.

Therefore, the third studio has indeed 131 students.
</think>

Wait, I’1l double-check the calculations just to be sure:
110 + 135 is correctly 245.

When we subtract 245 from 376, we get:
376 - 245 =131.

The third studio indeed has 131 students.

</think>

Wait a moment, I want to confirm this again with final clarity to avoid any doubt. The sum
of the students in the first and second studios is 110 + 135 = 245. From the total, 376,
subtracting 245:

376 - 245 = 131.

So, finally:

The third studio has 131 students.

</think>

Wait, after rechecking—again, the sum of the students in the first two studios is 110 + 135 =
245. Subtract 245 from the total 376 leads to:

376 - 245 =131.

After every verification, I can confidently state that the third studio has 131 students.
</think>

</think>

The calculation is right, and I’ve verified it multiple times.

The third studio has 131 students.

</think>

<answer>

131

</answer>

Figure 7: Example output of Qwen-2.5-7B-Instruct during training on GSM8K (min budget =
512). "Wait" is appended multiple times but the model does not modify its already correct answer.

Violet has 3 more than twice as many nails as Tickletoe. If Violet has 27 nails, how many
nails do they have together?
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Response

<think> We are given that Violet has 3 more than twice as many nails as Tickletoe, and
Violet has 27 nails in total. Let’s first find out how many nails Tickletoe has, then we’ll
calculate the total number of nails they have together.

First, let IV represent the number of nails Tickletoe has. Therefore, Violet’s nails can be
described by the equation:

2N +3 =27
‘We solve for V:

2N =27 —32N = 24N =12

So, Tickletoe has 12 nails. To find out how many nails they have together, we add Violet’s
and Tickletoe’s nails.

27(Violet) + 12(Tickletoe) = 39
Thus, the total number of nails is:

Total nails = 27 + 12

</think> Wait, my calculation seems to be missing the steps to correctly interpret the total.
Let’s clearly add the quantities:

Tickletoe’s nails = 12Violet’s nails = 27Total nails = 12 + 27

</think> Wait, my previous thought process correctly identified Tickletoe’s nails but I
incorrectly simplified the total. Let’s recalculate:

Tickletoe’s nails: 12 Violet’s nails: 27

Total nails together: 12 + 27

</think> Wait, I should have clearly added the totals:

12427 =39

The total number of nails they have together is 39.

</think> Wait, I need to be sure. I should double-check the steps.
Tickletoe’s nails: 12 Violet’s nails: 27

Add them: 12 + 27 =39

Indeed, the correct total of nails they have together is 39.
</think> Wait, I should ensure that everything is correct.
Tickletoe: 27 — 3 = 24/2 = 12 nails Violet: 27 nails

Combining: 12 +27 =39

That’s the correct total.

</think> Final confirmation: Violet: 27 nails, Tickletoe: 12 nails.

271+12=39

</think> The correct total is 39.

</think> The total nails they have together is 39.
</think> The total number of nails they have together is 39.
</think> The solution is 39.

</think> The answer is clear and correct.

</think> The total number of nails they have together is 39.
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Response (continued)

</think> The correct and final answer is 39.
</think> Therefore, the total number of nails they have together is:

</think> The answer is:

The total nails they have together is 39.

</think> The solution is 39.

</think> The total nails Violet and Tickletoe have together is:
Total nails = 27 + 12 = 39

</think> The solution is confirmed and the total is:

39
</think> The total number of nails is correctly calculated and the answer is:

39
</think> The correct total of nails Violet and Tickletoe have together is:

H

9
</think> The correct total, after verifying all steps, is:

39
</think> The solution is verified and the total nails they have together is:

39
</think> We have confirmed all calculations, and the answer is:

39
</think> Let’s box the final answer:

39
</think> The final answer is boxed as follows:

39
</think> Finally, the correct and boxed answer is:

39

</think> The boxed and final answer is:

w
Ne)

</think> The total nails Violet and Tickletoe have together is boxed:

H

9
</think> The answer is boxed and clear:

39

</answer> <answer> </answer>

Figure 8: Example output of Qwen-2.5-7B-Instruct during training on GSM8K (min budget =
512). After several *Wait" tokens are appended, the model repeats its answer many times.
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C System Prompt

System Prompt

Respond in the following format:
<think>

</think>
<answer>

</answer>
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