
000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053

Under review as a conference paper at ICLR 2026

BUDGETTHINKER: EMPOWERING BUDGET-AWARE
LLM REASONING WITH CONTROL TOKENS

Anonymous authors
Paper under double-blind review

ABSTRACT

Recent advancements in Large Language Models (LLMs) have leveraged in-
creased test-time computation to enhance reasoning capabilities, a strategy that,
while effective, incurs significant latency and resource costs, limiting their ap-
plicability in real-world time-constrained or cost-sensitive scenarios. This paper
introduces BudgetThinker, a novel framework designed to empower LLMs with
budget-aware reasoning, enabling precise control over the length of their thought
processes. We propose a methodology that periodically inserts special control
tokens during inference to continuously inform the model of its remaining to-
ken budget. This approach is coupled with a comprehensive two-stage training
pipeline, beginning with Supervised Fine-Tuning (SFT) to familiarize the model
with budget constraints, followed by a curriculum-based Reinforcement Learning
(RL) phase that utilizes a length-aware reward function to optimize for both ac-
curacy and budget adherence. We demonstrate that BudgetThinker significantly
surpasses strong baselines in maintaining performance across a variety of reason-
ing budgets on challenging mathematical benchmarks and multimodal reasoning
benchmarks. Our method provides a scalable and effective solution for devel-
oping efficient and controllable LLM reasoning, making advanced models more
practical for deployment in resource-constrained and real-time environments.

1 INTRODUCTION

A recent breakthrough in Large Language Models (LLMs) is the paradigm of test-time scaling,
where models are prompted to “think longer” by generating extended Chain-of-Thought (CoT) rea-
soning before producing a final answer (DeepSeek-AI, 2025; OpenAI, 2024). This approach has
achieved state-of-the-art performance on complex reasoning tasks in domains such as advanced
mathematics (DeepSeek-AI, 2025; Google, 2025), code generation (Hui et al., 2024; Yang et al.,
2025), and multimodal reasoning (Team et al., 2025a; Huang et al., 2025; Shen et al., 2025). How-
ever, these performance gains come at the steep cost of increased latency and computational over-
head, making these reasoning models impractical for real-world systems with strict performance
constraints, such as latency-critical agents and robotics (Sui et al., 2025).

This fundamental trade-off between reasoning quality and computational efficiency highlights a
critical need for controllable CoT reasoning—the ability for a reasoning LLM to dynamically adapt
its reasoning process to conclude within a specified budget. Such a budget may be a hard latency
limit imposed by an application, such as the sub-100 ms requirement for autonomous driving (Lin
et al., 2018; Chen et al., 2025a), or a flexible constraint based on user tolerance for cost and delay in
agentic systems. Furthermore, the variability of computational resources in real-world deployments
(e.g. , diverse hardware, dynamic server loads) necessitates that models can precisely tailor the
length of their output to fully utilize the available budget (Cai et al., 2020; Yu et al., 2019). We term
this crucial instruction-following capability budget adherence.

However, existing approaches to shortening reasoning length have proven insufficient for budget ad-
herence. Directly adding length control instructions into the prompt (Pu et al., 2025; Sun et al., 2025;
Xu et al., 2025b) often fails to reliably control output length (Han et al., 2024). Some LLM post-
training methods encourage models to switch between reasoning modes like “thinking” or “non-
thinking”, or to generate responses based on reasoning efforts (Yang et al., 2025; OpenAI, 2025b;a;
Team et al., 2025d; Jiang et al., 2025; Team et al., 2025a). However, these approaches still lack the
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(a) Example of budget-aware answer generation with
Control Tokens.

(b) Effect of Control Tokens on reducing
length–budget gap.

Figure 1: Illustration of the BudgetThinker framework and the impact of Control Tokens. (a) An
example of budget-aware generation, showing how BudgetThinker inserts control tokens into its
reasoning process to stay aware of the remaining token budget. (b) Effect of Control Tokens on
training: The gap between the generated answer length and the target budget during reinforcement
learning.

fine-grained control necessary for variable budgets, where the target is a fixed number set by the user
or system, not a vague description of a reasoning level. Even recent research introducing training
pipelines with Supervised Fine-Tuning (SFT) and Reinforcement Learning (RL) (Hou et al., 2025;
Aggarwal & Welleck, 2025; Wu et al., 2025b; Liu et al., 2025; Xia et al., 2025; Qu et al., 2025; Yu
et al., 2025c) demonstrates insufficient capability. As illustrated in Figure 1b, the gap between the
LLM-generated length and the target budget remains large (around 300 tokens) throughout training,
highlighting a persistent challenge.

In this paper, we address the challenge of precisely controlling the length of a model’s thought
process. We argue that merely stating a budget constraint in the initial prompt is insufficient, and the
model needs to be continuously reminded of its remaining token budget as it generates its response.
To achieve this, we develop a novel training and inference framework that enables precise control
over the length of the CoT. Our method periodically inserts special Control Tokens that act as explicit
signals of the remaining budget, as illustrated in Figure 1a. As shown in Figure 1b, training with
these control tokens leads to a faster and more stable reduction in the gap between the generated
length and the target budget, demonstrating their effectiveness in stimulating budget adherence.

We evaluate our method based on DeepSeek distilled Qwen 2.5 1.5B, 7B (DeepSeek-AI, 2025) and
RoboBrain-7B-2.0 (Team et al., 2025a), on challenging reasoning benchmarks including MATH-
500 (Hendrycks et al., 2021), AMC 2023, Embodied Reasoning QA Evaluation Dataset (EQRA)
(Team et al., 2025b), and Spatial Aptitude Training Benchmark (SAT Benchmark) (Ray et al., 2025).
Compared to state-of-the-art efficient reasoning methods (Hou et al., 2025; Liu et al., 2025; Xu et al.,
2025b; Sun et al., 2025) and original models, our approach demonstrates a better trade-off between
accuracy and token budget. Specifically, our method improves accuracy by an average of 4.9%
across all tested budgets and exhibits more precise adherence to the specified constraints.

Our main contributions are:

• We introduce a method to achieve controllable output length in LLMs by inserting special tokens
during the inference process.

• We design a comprehensive training process, progressing from SFT to RL, which incorporates a
length-aware reward function. This allows the model to adapt to control via special tokens and
produce higher-quality, budget-aware outputs. Our method is designed as a plug-and-play module
that complements existing test-time scaling training procedures.

• Across multiple foundational models (including both LLMs and MLLMs), we demonstrate that
our approach surpasses strong baselines and datasets under various reasoning budgets.
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2 SPECIAL-TOKEN CONDITIONED BUDGET-AWARE REASONING

We present BudgetThinker, a budget-aware generation framework that guides Large Language Mod-
els (LLMs) to adhere to a predefined token budget. Our method achieves this by conditioning the
model on explicit control signals throughout the generation process. We enhance budget adherence
by (i) introducing a dynamic control token insertion strategy that continuously informs the model
of the remaining budget and (ii) developing a two-stage training pipeline that combines Supervised
Fine-Tuning (SFT) and Reinforcement Learning (RL) to teach the model to effectively interpret and
respond to these signals.

2.1 SPECIAL-TOKEN BUDGET SIGNALING

Our method enforces a target output token budget by augmenting the standard autoregressive gener-
ation process. The core idea is to insert a small, fixed set of special control tokens into the sequence
at positions corresponding to fractions of the total budget. These tokens act as explicit signals to
the model, indicating how much of its budget has been consumed. Let B be the target budget and K
be a fixed hyperparameter for the number of control signals. We introduce a set of K special control
tokens, C = {c1, c2, . . . , cK}, where ck signals that the generation has progressed through the k-th
fraction of the total budget (e.g. , c1 signifies 10% completion if K=10). During generation, the
token yt at timestep t is determined by the following piecewise function:

yt =

{
ck if t = k · ⌊B/K⌋ for an integer k ∈ {1, . . . ,K}
y′t | (y′t ∼ πθ(·|x, y<t)) otherwise

At each timestep t that corresponds to the end of a budget fraction k · ⌊B/K⌋, we deterministically
insert the corresponding control token ck. For all other timesteps, the next token y′t is sampled from
the LLM’s distribution πθ, conditioned on the full history of both model-generated tokens and our
inserted control tokens.

This ratio-based signaling is highly scalable. In contrast, a naive baseline like Fixed-Interval
Signaling—which inserts a token every I steps-would require a potentially unbounded number of
unique control tokens as the budget B increases. Our approach always uses the same fixed set of K
tokens, making it robust and efficient across widely varying budgets.

2.2 SFT DATA CURATION

To teach the LLM the semantics of our control tokens, we construct a specialized dataset for Su-
pervised Fine-Tuning (SFT). The curation process involves two key steps: budget assignment and
dataset balancing.

Budget Assignment. First, for each original data sample (x, y), we assign a budget B by rounding
the answer’s length, |y|, up to the nearest multiple of a granularity parameter T :

B = T ·
⌈
|y|
T

⌉
,

This calculation method is intentional. By design, the true answer length |y| is almost always less
than the allocated budget |B|. This gap teaches the model to robustly terminate its reasoning and
stop generating tokens once the answer is complete, rather than artificially padding the output to fill
the entire budget. Next, we transform each sample in the dataset. The input prompt is modified to
include the budget constraint, and the target output is reconstructed to include the control tokens:

x̂ = Concat(x,Please answer within Bi tokens)

ŷ = Insert(y, {cj}Kj=1)

Here, Insert function adds the control token ck+1 at each position t when t = k · I . Then, we get a
reconstructed dataset {(x̂, ŷ)}, which we use to fine-tune LLM.
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2.3 DATASET CONSTRUCTION AND BALANCING

To ensure the model generalizes across a wide range of output lengths, our SFT dataset is a balanced
mixture of three distinct data types:

(1) Long Reasoning Data: Full-length CoT reasoning sequences from powerful teacher models,
such as DeepSeek-R1 (DeepSeek-AI, 2025). (2) Iteratively Compressed Reasoning Data: To
populate intermediate lengths, we use an LLM-based compressor to iteratively shorten the long CoT
sequences (Kang et al., 2025). Critically, this compression is applied iteratively: the result of one
compression step becomes the input for the next. This process continues until a comprehensive spec-
trum of shortened reasoning chains, derived from an original long CoT, is produced. This approach
ensures our model learns to adhere to budgets requiring diverse levels of reasoning abbreviation. (3)
Non-thinking Data: Direct, concise answers to handle scenarios with very tight budget constraints
where elaborate reasoning is not feasible. This balanced composition is pivotal for developing a
versatile and robustly budget-adherent model.

2.4 REINFORCEMENT LEARNING

Following SFT, we employ Group Relative Policy Optimization (GRPO) algorithm (Shao et al.,
2024) to train the model to generate responses that adhere to a specific token budget, B.

Reward Design. We design a composite reward function that balances factual accuracy with a
penalty for deviating from the target length. For a generated response y, with ground truth ygold and
budget B, the reward R is defined as:

R(y, ygold, B) == k1 · 1{y = ygold}+ k2 · 1{format(y)}+ k3 ·max(1− γ ·
(
B − |y|

B

)2

, 0)︸ ︷︷ ︸
Length Reward

Indicator functions 1{y = ygold} and 1{format(y)} are the original correctness and format check
of GRPO, and k1, k2, k3 are coefficients that control the relative importance of each part. The
Length Reward incentivizes the model to use the budget efficiently. It is based on normalized length
deviation, δ = ||y|−B|

B , which measures the fractional difference between the generated length |y|
and the target budget B. This deviation is modulated by an asymmetric penalty coefficient, γ:

γ =

{
1 if |y| ≤ B

r if |y| > B

Here, r > 1 is a hyperparameter that imposes a larger penalty for exceeding the budget than for
falling short of it. This design encourages the model to generate responses that are not only correct
but also precisely tailored to the length constraint.

Special Token Conditioned Sampling. Our framework’s special token insertion is integrated di-
rectly into the GRPO sampling loop. For each training question, BudgetThinker automatically in-
jects control tokens at the appropriate budget fractions during generation. To provide a clear learning
signal, the model completes its full reasoning rollout to calculate the length-based reward accurately.
However, for the final answer extraction step, the reasoning trace is truncated at budget B. This al-
lows the model to learn from the consequences of its full generation while still enforcing the hard
budget constraint in practice.

Mixed Budget Reinforcement Learning. To build robustness across budgets, RL proceeds in two
stages: (1) Curriculum Stage: Our LLM is trained iteratively on k different token budgets. The
curriculum proceeds by decreasing the budget across stages, following the sequence B1 > B2 >
· · · > Bn. (2) Randomized Stage: Each Training batch samples a budget Bk uniformly from Bj

n
j=1.

This mixed strategy prevents catastrophic forgetting and maintains the model’s proficiency across
all learned budget levels.
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3 EXPERIMENTS

In this section, we present a comprehensive empirical evaluation of BudgetThinker. We investi-
gate its performance under various computational budgets and analyze its ability to adhere to these
budgets (Section 3.2). We then analyze the impact of different control token insertion strategies
(Section 3.3), iterative training (Section 3.4), and reinforcement learning of BudgetThinker (Sec-
tion 3.5).

3.1 EXPERIMENT SETUP

LLM Training Details. We use DeepSeek-R1 (DeepSeek-AI, 2025) distilled Qwen-2.5-1.5B and
Qwen-2.5-7B (Hui et al., 2024) as backbone models. For SFT, we create a dataset of 41k instances
for text-based LLMs. The details are listed in Appendix A.2. We train all SFT models for 6 epochs
with an initial learning rate of 2e-5 and a maximum context length of 12000.

For Reinforcement Learning (RL), we employ the Group Relative Policy Optimization (GRPO)
algorithm (Shao et al., 2024). Models are trained for 10 epochs with GRPO hyperparameters α and
β set to 0.01 and 0.01, respectively. The maximum context length during RL is 10000.

We configure BudgetThinker by setting the number of control intervals to K = 8. For the iter-
ative training stage, we start from a budget of 6000, then reducing it to 4000, 3000, and finally
2000, with 1 epoch for each budget. In the randomized training stage, we randomly sampling
B ∈ {6000, 4000, 3000, 2000} for 1 epoch. Further training details are shown in Appendix A.5.

Namely, the length reward will decade to 0 when the length of answer y exceeds the budget B by
1/4.

MLLM Training Details. We use RoboBrain-7B-2.0 (Team et al., 2025a) as the backbone model.
For SFT, we use the visual question answering (VQA) data with CoT from RoboBrain-2.0, consist-
ing of 37k question-answer pairs. In RoboBrain-2.0, the CoT data is generated from GPT-4o (Hurst
et al., 2024), the lenght of which concentrates in 200-300 tokens. Therefore, we use the compressor
based on GPT-4o to compress the CoT length for 3 iterations, creating a dataset of 111k.

For RL, we randomly sample 2k instances from the VQA training dataset of RoboBrain-2.0, train the
MLLM for 6 epochs, with the initial learning rate of 1e-6. Specifically, in the We set the number of
control intervals to K = 3 because the shorter reasoning length on MLLMs, and the training budgets
B ∈ {200, 150, 100, 80, 50} for the iterative training phase, and train 1 epoch on each budget. Then,
we train 1 epoch for mixed budget stage. We remain the other hyper-parameters same with LLMs.

For fair comparison, we also train the original RoboBrain-7B-2.0 through the same procedure from
SFT to RL using the same data and settings, with the difference that we don’t add budget constraints
during training and set the maximum context length to 500, which is far beyond the largest budget
200 in our experiments.

Evaluation Details. We evaluate our methods and baselines on 2 math benchmarks and 2 multi-
modal reasoning benchmarks: MATH-500 (Hendrycks et al., 2021), AMC 2023, ERQA (Team
et al., 2025b), and SAT (Ray et al., 2025). To assess budget control, we evaluate performance
across a range of reasoning budgets, from B = 50 to B = 10000 tokens. For inference, we
utilize a modified version of the vLLM engine (Kwon et al., 2023). Our modified engine enforces
the budget by truncating the reasoning process once the length limit is reached and appending the
“</think>**Final Answer**” tags to signal the model for a final answer. We then allocate
an additional 50 tokens for the final answer generation before terminating the process entirely.

Baselines. We benchmark BudgetThinker against five baselines: (1) ThinkPrune (Hou et al.,
2025): A typical efficient reasoning framework that also uses GRPO for budget control but does
not incorporate explicit control tokens. As the official ThinkPrune repository does not provide a 7B
model, we limit our comparison to the 1.5B model scale. (2) Laser (Liu et al., 2025): A state-of-
the-art efficient reasoning framework enhances both fast and slow thinking capability. (3) Chain of
Draft (Xu et al., 2025b): A prompt based method that faciliates fast reasoning by prompting LLMs
to draft concise intermediate thought. (4) Early Exit: (Sun et al., 2025) A token insertion based
method that interrupts LLMs before budget and forces it to output the final answer. (5) Original
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Figure 2: Budget following and utilization analysis of BudgetThinker-1.5B, ThinkPrune-1.5B, and
the R1-1.5B on MATH-500. (a): The percentage of generated responses that terminate naturally
within the specified budget limit (B). (b): For responses that finish within the budget, this shows
the average generated length as a percentage of the total allocated budget (|y|/B).

Models: The DeepSeek-R1 distilled Qwen-2.5-1.5B and 7B models that serve as the foundation for
our fine-tuning.

3.2 ACCURACY-BUDGET TRADEOFF

1.5B LLMs

Method MATH-500 AMC

0.5K 1K 2K 4K 6K 10K 2K 4K 6K 10K 30K

ThinkPrune 44.0 69.4 79.4 82.8 83.3 83.6 65.5 70.1 71.9 72.0 73.6
Laser 48.4 70.2 80.2 82.6 83.8 83.2 59.0 67.8 73.4 75.9 75.9
Original Model 20.4 45.8 63.0 70.0 69.2 70.2 36.9 46.9 55.6 61.6 67.8
c2f 56.8 70.0 77.4 80.8 81.8 80.0 54.4 65.9 62.5 64.7 68.3
CoD 38.0 59.4 64.2 64.8 65.2 65.2 33.4 46.9 48.1 49.4 66.1
BudgetThinker 59.4 75.0 81.6 84.8 85.8 87.4 65.5 70.4 74.0 75.0 75.9

7B LLMs

Method MATH-500 AMC

0.5K 1K 2K 4K 6K 10K 2K 4K 6K 10K 30K

Laser 53.8 80.0 88.8 90.6 92.0 92.2 67.8 83.8 86.3 87.5 88.1
Original Model 22.2 44.4 67.4 78.8 84.0 86.0 38.8 58.8 73.1 78.4 79.3
c2f 59.8 76.4 84.0 89.6 91.0 90.2 62.8 76.6 87.2 87.2 87.3
CoD 31.6 57.8 73.4 81.6 84.6 85.8 47.8 69.1 74.7 79.1 79.8
BudgetThinker 69.4 77.0 86.0 90.0 92.2 93.0 69.7 77.5 87.5 87.5 90.0

7B MLLMs

Method ERQA SAT

50 80 100 150 200 50 80 100 150 200

c2f 4.5 6.5 10.0 24.6 39.6 23.0 55.0 66.0 69.0 74.6
Laser 37.1 38.8 39.6 40.4 42.3 69.7 70.0 71.0 73.3 73.3
BudgetThinker 41.1 41.9 43.6 43.4 43.6 70.7 72.0 72.7 74.0 76.7

Table 1: Pass@1 accuracy of BudgetThinker vs. baselines across various generation budgets. The
numeric headers (e.g. , 0.5K, . . . , 30K, 50, . . . , 80) represent the Generation Budget.

We first evaluate the accuracy of BudgetThinker against the baselines across various token bud-
gets, with results shown in Table 1. For results of MATH-500 and AMC 2023, BudgetThinker
outperforms the original model and ThinkPrune across most budget allocations. Specifically, Bud-
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(a) Analysis of control token insertion
strategies. (b) Analysis of using reinforcement learning

method.

Figure 3: Ablation studies on control strategy and RL training (MATH-500, 1.5B Model).

getThinker improves accuracy by 2.1% over Laser, 3.2% over ThinkPrune and 22.4% over Original
model on average.

The better accuracy of BudgetThinker comes from the better understanding and utilization of bud-
get, which is shown in Figure 2. We calculate the average relative length at each budget (|y|/B)
for every answer that is within budget, which shows the capability for LLM to understand and fully
use budgets. The original model, lacking any budget-specific training, exhibits poor capability to
follow the specified limits. While ThinkPrune (Hou et al., 2025) shows improved budget awareness,
it often underutilizes the allocated budget, prematurely concluding its reasoning process, which can
negatively impact performance on complex problems. In contrast, BudgetThinker demonstrates su-
perior budget adherence. Guided by the remaining budget tokens, it effectively utilizes the entire
allocated length without significant overruns. This precise control allows it to achieve a better bal-
ance between computational cost and accuracy, leading to its state-of-the-art performance. We offer
a detailed analysis in Appendix A.7.

3.3 ANALYSIS OF CONTROL TOKEN INSERTION STRATEGIES

We analyze the performance of BudgetThinker under four distinct control token insertion strategies
to understand their impact:

• No Control Tokens: An ablation where no special tokens are inserted, relying solely on the RL
objective for budget control.

• Fixed Interval (50 tokens): Control tokens are inserted at a fixed, frequent interval of every 50
tokens, with 200 special tokens added for a maximum budget of 10000 tokens.

• Fixed Interval (250 tokens): Control tokens are inserted at a larger, fixed interval of every 250
tokens, with 40 special tokens added for a maximum budget of 10000 tokens.

• Budget Ratio (Default): Our proposed method, where 8 tokens are inserted at intervals corre-
sponding to each 1/8th of the total budget.

Note that while the “No Control Tokens” and “Budget Ratio” strategies are inherently scalable to
any context length, fixed-interval strategies require adjustments to the number of special tokens for
different budget sizes.

The results, presented in Figure 3a, indicate that the Budget Ratio strategy yields the best perfor-
mance. This suggests that a relative, ratio-based notification of remaining resources is more intuitive
for the LLM to learn and adapt its reasoning pace, compared to fixed-interval notifications. Further-
more, the 250-token interval outperforms the 50-token interval, implying that a sparser, less intrusive
set of control signals is more beneficial. The superior performance of our default strategy over the
“No Control Tokens” baseline further validates the effectiveness of our core design.
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Model Accuracy (%) Budget Following Ratio (%)

2K 4K 6K 10K 2K 4K 6K 10K

BudgetThinker 6k 79.6 85.2 86.0 84.6 47.0 67.8 76.2 85.6
BudgetThinker 6k-4k 80.0 86.0 84.6 86.4 62.8 78.6 85.8 93.8
BudgetThinker 6k-4k-3k 80.0 84.2 85.0 87.2 66.4 84.6 89.8 95.4
BudgetThinker 6k-4k-3k-2k 83.6 84.6 84.6 85.2 86.8 95.4 97.2 98.6

BudgetThinker (Full Training) 81.6 84.8 85.8 87.4 79.8 95.4 95.0 97.2

Table 2: This table tracks the Accuracy (%) and Budget Following Ratio (%) of BudgetThinker-1.5B
at different stages of the iterative training. Each row represents a checkpoint (e.g. , “6k-4k” denotes
the model after training sequentially on 6k and 4k budgets). The “Full Training” model completes
the 6k-to-2k curriculum plus a final mixed-budget training phase where budgets are randomly sam-
pled. Darker cells indicate higher values within each column.

3.4 ANALYSIS OF ITERATIVE TRAINING

To investigate the impact of our mixed budget reinforcement learning, we evaluate checkpoints of
BudgetThinker-1.5B on MATH-500, as shown in Table 2. The results reveal that as the model is
trained on smaller budgets, its reasoning capability on larger budgets initially decreases. However,
after the final mixed-budget training stage, accuracy on larger budgets recovers. We also observed
that training on smaller budgets improves the budget following ratio, encouraging the model to
generate more concise answers. After the full curriculum, the LLM achieves a balanced capability
to handle all budgets, even if it is not individually optimal for every single budget constraint.

3.5 ABLATION ON REINFORCEMENT LEARNING

To isolate the contribution of reinforcement learning, we compare the full BudgetThinker model with
a version trained only with Supervised Fine-Tuning (SFT). The results in Figure 3b demonstrate that
the full RL-tuned model consistently surpasses the SFT-only model across all tested budgets. This
underscores the importance of the RL phase. While SFT teaches the model the format and semantic
meaning of control tokens, RL encourages the model to actively explore and discover more effective
reasoning strategies that optimize the reward under specific budget constraints, ultimately leading to
higher accuracy.

4 RELATED WORK

4.1 TEST-TIME SCALING FOR REASONING LLMS

Recent advances in test-time scaling seek to improve LLM reasoning by increasing computational
depth during decoding. Among these test-time-scaling methods, reinforcement learning encourages
LLMs to explore different strategies of solving problems and allocate more reasoning times for
reflection. It has shown great potential in boosting LLM reasoning in multiple domains, including
math (DeepSeek-AI, 2025; Google, 2025), coding (Hui et al., 2024; Yang et al., 2025), agentic tasks
(Team, 2025a), and multimodal reasoning (Tan et al., 2025; Shen et al., 2025; Team et al., 2025b;a).
Some other works propose to distill reasoning ability from long reasoning CoTs generated by large
models to smaller LLMs to encourage deep thinking (Muennighoff et al., 2025; Labs, 2025; Team,
2025b; Ye et al., 2025; Xu et al., 2025a; Geiping et al., 2025). While effective at enhancing complex
problem-solving, these methods often suffer from significant inference latency due to the generation
of lengthy outputs (Sun et al., 2025; Zhu & Li, 2025; Qu et al., 2025), rendering them impractical
for deployment in real-time systems (Wen et al., 2023; Jiang et al., 2021; Han et al., 2021). Besides,
recent works also found that lengthy outputs often result in overthinking (e.g. meaningless repeats)
and even lead to errors (Yu et al., 2025a; Chen et al., 2025b). Our method teaches LLMs how to
follow a user-specified token budget during its reasoning process. This helps the model generate
more controlled and efficient reasoning.
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4.2 EFFICIENT CHAIN OF THOUGHTS

Several methods have been proposed to alleviate the token efficiency problem of LLMs’ reasoning.
Prompt methods (Xu et al., 2025b; Han et al., 2024; Muennighoff et al., 2025) make LLMs gener-
ate less reasoning tokens directly by adding explicit length constraints into the prompts. Solution
routing works (Yu et al., 2025c; Wang et al., 2025a) allow for mid-generation control to prune un-
promising traces. Computation routing methods (Damani et al., 2024; Snell et al., 2025; Fu et al.,
2025a; Wang et al., 2025b; Fu et al., 2025b; Li et al., 2025; Yu et al., 2025b) choose to allocate
just the necessary computation resources for solving problems, such as routing to larger models or
conducting more samplings to vote for the final answer. There are also learning methods that either
construct well-designed datasets to apply model fine-tuning (Chen et al., 2025b; Han et al., 2024;
Zeng et al., 2025; Xia et al., 2025; Kang et al., 2025; Munkhbat et al., 2025; Liu et al., 2024) or use
Reinforcement Learning (RL) methods (Yu et al., 2025a; Yang et al., 2025; Aggarwal & Welleck,
2025; Hou et al., 2025; Arora & Zanette, 2025) to encourage model to generate concise yet accurate
answers. More recently, models like Qwen3 (Yang et al., 2025), Kimi k1.5 (Team et al., 2025c) and
GPT-5 (OpenAI, 2025a) integrate hybrid thinking modes of long and short CoTs, seeking trade-off
between output length and model performance. Instead, our work achieves precise token budget
control. LLMs are trained to understand and follow the constraint in prompts and adaptively adjust
their reasoning process according to the inserted special control tokens to complete the task within
the user-requested budgets, showcasing the flexibility and efficiency of our method.

4.3 COT CONTROLLING BY TOKEN INSERTION

Inserting tokens during generation to control LLM behavior has been explored for various objectives.
In safety alignment, intervention sequences are strategically inserted at trigger points (e.g. , unsafe
words) to steer the model towards safer outputs without retraining (Jain et al., 2025; Wu et al.,
2025a; Fei et al., 2025). Other works use inserted tokens to shape the reasoning process itself, such
as injecting “Time’s Up! Therefore the final answer is:” to conclude reasoning (Sun et al., 2025),
adding “planning tokens” to encourage structured thought (Wang et al., 2024) or “pause tokens”
to allocate more computation at points of uncertainty (Kim et al., 2025). These methods mostly
are focused on the quality of reasoning, whereas our goal is to control its length. The works most
similar to ours are those that use in-generation hints for length control. ThoughtTerminator (Pu
et al., 2025) and ConciseHint (Tang et al., 2025) both operate by periodically injecting multi-token
textual hints (e.g., “100 tokens remaining. I’ll be back.”) to encourage brevity or budget adherence.
However, our approach employs single special tokens instead of multi-token textual hints, which is
highly token-efficient and practical for small budgets where verbose hints are infeasible. Besides,
unlike hint-based methods that rely on zero-shot instruction following, BudgetThinker is a trainable
framework, which learns to treat them as precise control signals for budget adherence, enabling a
level of fine-grained length control that hint-based methods cannot achieve.

5 CONCLUSION

In this work, we introduce BudgetThinker, a novel framework that manages the trade-off between
reasoning quality and computational cost in LLMs. By using special control tokens and a two-stage
training pipeline, BudgetThinker enables precise, budget-aware control over the model’s reasoning
length. Our experiments validate that this method achieves superior budget adherence while main-
taining high accuracy on challenging benchmarks. Thus, BudgetThinker represents a significant step
towards developing more efficient LLMs suitable for real-time, resource-constrained applications.
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6 REPRODUCIBILITY STATEMENT

To ensure reproducibility, we provide detailed descriptions of our model architecture, training
pipeline, and evaluation protocol in Sections 2 and 3. The implementation of our special control
token mechanism, SFT dataset curation, and GRPO-based reinforcement learning are fully docu-
mented in the main text, with additional details such as dataset composition, training hyperparame-
ters, and compressor prompts included in Appendix A. All experiments are repeated across multiple
model scales (1.5B and 7B LLMs, 7B MLLMs) and computational budgets to confirm stability of
results. We additionally perform ablation studies on token insertion strategies, curriculum training,
and RL contribution to validate robustness. The full codebase, processed datasets, and evaluation
scripts will be released to the research community to facilitate replication and further exploration of
budget-aware reasoning.

7 ETHICS STATEMENT

Our work investigates methods for improving the efficiency of LLM and MLLM reasoning under ex-
plicit computational budgets. All experiments are conducted using publicly available datasets such
as MATH-500, AMC 2023, ERQA, and SAT benchmarks, or synthetic data generated by teacher
models. No private or sensitive data was used. Since BudgetThinker focuses on controlling rea-
soning length rather than altering semantic content, the adversarial risk of harmful generation is
minimal. Nevertheless, we avoid releasing prompts or training data that could be misused to bias
models toward unsafe behaviors. Our contributions aim to advance responsible, resource-aware
AI research, making LLMs more suitable for latency- and cost-sensitive applications. We comply
with licensing restrictions of all datasets and models used, and our data handling adheres to privacy
and legal standards. The authors declare no conflicts of interest or external funding sources that
could improperly influence this work. We welcome community feedback on any additional ethical
considerations.
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A APPENDIX

A.1 LLM USAGE STATEMENT

Large language models (e.g. , ChatGPT) were used only for minor language polishing and grammar
correction. All ideas, experimental design, data analysis, and writing were conducted by the authors.

A.2 LLM DATASET DETAILS

For SFT, we select all 1k reasoning samples from s1k (Muennighoff et al., 2025), 0.8k reasoning
samples from LIMO (Ye et al., 2025), and 17k reasoning samples from Bespoke-Stratos-17k (Labs,
2025), and a subset from NuminaMath(LI et al., 2024), Math(Hendrycks et al., 2021). Due to
computational resource constraints, we remove all question-answer pairs with Chain-of-Thought
(CoT) lengths over 10,000 tokens.

For reinforcement learning, the training data is a set of 14k math problems, comprising two parts:
one part from the math category of the prm800k dataset (Lightman et al., 2023), and the other part
from the numina and amc labeled data in the PRIME-RL/Eurus-2-RL-Data(Cui et al., 2025) dataset.

A.3 COMPRESSOR PROMPT

Compressor Prompt Example

You are an agent tasked with compressing a reasoning process into a shorter, clearer version
for a robot. Given the task description, the reasoning process, and the final answer, your goal
is to shorten the reasoning process while preserving as many important details and as much
logical completeness as possible.

Task: <image><image> The images are frames from a video. The video shows a . . .
Carefully analyze the multiple-choice question above and reason through it step by step.

Reasoning process: In the initial frame, the red fire box is centered, . . . Therefore, the
camera was moving left during the video. <answer>A</answer>

Note that:
• You must keep the original tags <think>, </think>, <answer>, </answer>

exactly as they are. Do not shorten, rename, or remove them.
• You cannot change the final answer. Only compress the reasoning process.
• The reasoning process should be as concise as possible while preserving logical flow and

essential details.
• Return only the compressed reasoning process. Do not include any extra comments, ex-

planations, or text.

Your answer:<think>
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(a) Distribution between training and original
data for LLM.

(b) Distribution between training and original
data for MLLM.

Figure 4: Data distribution between the LLM and MLLM SFT datasets before and after
augmentation.

A.4 SFT DATASET DISTRIBUTION

To ensure the model generalizes across various reasoning lengths, we implemented a data augmenta-
tion strategy using GPT-4o-mini to generate compressed chain-of-thought variations. For the MLLM
dataset (originally 37k), we produced two compressed versions (a first-round and a second-round
compression), expanding the dataset to 111k. For the LLM dataset (originally 21k), we generated
one compressed version, bringing the total to 41k.

Figure 4b compares the length distributions of the original data against the augmented training set.
As illustrated, the original data was heavily concentrated in specific length ranges. The inclusion of
compressed data successfully expands the distribution to cover a much broader spectrum of answer
lengths.

A.5 TRAINING AND EVALUATION DETAILS

The granularity parameter for generating training budgets is set to T = 50. The importance hyper-
parameters are set to k1 = 0.7, k2 = 0.15, k3 = 0.15. The length reward penalty coefficient γ is set
as 1 and 16 when |y| ≤ B and |y| > B respectively.

During evaluation, we generate N candidate solutions using sampling with a temperature t and a
top-p value of k. We report the pass@1 accuracy, with each question sampled N times and calculate
the averaged accuracy. Following DeepSeek-R1 (DeepSeek-AI, 2025), we set N depending on the
size of test dataset, where N = 1 for MATH-500 (t = 0, k = 1) and N = 64 for AMC 2023 (for
the 7B model, due to computational resource constraints, N = 8).

A.6 LATENCY OVERHEAD

The following Table 3 compares the latency overhead differences between our method and the c2f,
Fixed Intervals, and Thought Terminator (Pu et al., 2025) approaches. It shows that our method uses
significantly fewer additional tokens compared to Fixed Intervals and Thought Terminator, while
being particularly close to c2f.

Model Latency Overhead (tokens)

B = 0.5K B = 1K B = 2K B = 4K B = 6K B = 10K

c2f 7 7 7 7 7 7
Fixed Intervals (250 Tokens) 9 11 15 23 31 47
Thought Terminator 51 99 195 387 579 963

BudgetThinker 14 14 14 14 14 14

Table 3: Latency overhead of different methods under multiple budget settings.
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Figure 5: This is a comparison between BudgetThinker’s responses to the Question-Math1 under
different budgets.

A.7 DETAILED ANALYSIS

For the qualitative analysis of the reasoning strategy variations of the BudgetThinker model under
different budget constraints, Figure 5 presents multiple responses generated by the BudgetThinker
model for the same problem, Question-Math1, across various budget allocations.

It can be observed that as the reasoning budget is systematically reduced from 6000 to 500, the
thought process exhibits a progressive compression in both methodological diversity and explana-
tory depth, along with the omission of certain steps. For a detailed analysis of the reasoning process,
refer to Figure 6.

At the highest budget of 6000, the reasoning is most comprehensive and expanded, covering multiple
methods (e.g., ordered pair enumeration, unordered pair deduplication, integer partitions, symmetry
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analysis, generating functions) and containing extensive metacognitive statements and pedagogi-
cal explanations. For instance, the generating function method is fully elaborated: “Alternatively,
maybe using generating functions. . . The generating function for indistinct objects. . . coefficient of
x5 in (1 + x+ · · ·+ x5)2”, alongside dense self-verification loops such as “Let me verify this.” and
“Wait, but let me think again.”.

When the budget is reduced to 4000, the reasoning shows multi-route, multi-round verification char-
acteristics, but the depth and cyclicality of each method chain are compressed compared to 6000;
method coverage remains broad (including ordered pairs, partitions, combinatorial formulas, test
cases, etc.), but advanced methods like generating functions are only mentioned without elabora-
tion, e.g., “But wait, let me verify this.” and “Suppose instead of 5 balls. . . 1 ball. . . the answer
should be 1. . . ” demonstrate light reflection and the use of test cases.

Further compression occurs at a budget of 2000, reasoning retains multiple paths (e.g., full ordered
pair enumeration, symmetric halving, partition verification) but each path is more linear, such as
completely listing ordered pairs: “x + y = 5. . . ordered pairs: (0,5), (1,4), (2,3), (3,2), (4,1), (5,0).
There are 6.”, followed by symmetric grouping: “Since all are of the form a ̸= b, unordered pairs
= 6 / 2 = 3.”, yet lacks advanced methods (e.g., generating functions) and complex background
explanations.

At a budget of 1000, reasoning is further compressed, retaining only core branching and slight
hesitant language, e.g., “But wait, no, wait. . . If the boxes are indistinct. . . the problem re-
duces to partitions. . . ”, and introduces a second method (unordered pairs) for one-time verification:
“(0,5),(1,4),(2,3). . . Since the boxes are indistinct. . . we have three distinct cases.”, but verification
is limited and lacks redundant loops.

Finally, at the most constrained budget of 500, reasoning is extremely highly compressed, adopting a
single linear path with highly structured language and no hesitation or alternative method discussion,
for example, directly listing partitions: “Partitions of 5 into at most 2 parts: 5 = 5 + 0, 4 + 1, 3 +
2”, and performing minimal verification: “Verification: 5+0 corresponds to . . . 4+1 corresponds
to . . . 3+2 corresponds to. . . ”, with the entire logical path being linear and without branching.

Lastly, a comparative analysis of the responses generated by the BudgetThinker model against other
models on both the VQA and mathematical reasoning tasks is presented in Figures 9, 7, and 8,
accompanied by a detailed examination of BudgetThinker’s advantages in handling diverse question
types.
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Figure 6: This is a detailed analysis of the reasoning processes generated by the BudgetThinker
model for Question-Math1 under different reasoning budgets.
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Figure 7: This is a comparison between BudgetThinker and Original model’s response cases on
MATH datasets.
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Figure 8: This is another comparison between BudgetThinker and Original model’s response cases
on MATH datasets.
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Figure 9: This is a comparison between BudgetThinker and Laser’s response cases on VQA
datasets.
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