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Abstract

Outcome-based reinforcement learning has made notable ad-
vances in training language models (LMs) for reasoning. How-
ever, without explicit incentives and controls, this paradigm
has limitations and instability in eliciting high-quality reason-
ing trajectories with diverse actions—particularly for models
whose pretraining lacked extensive reasoning-related data. To
this end, we introduce MetaAct-RL, a new RL framework
that frames LMs’ thinking as sequential decision making over
meta-actions. In this framework, the model chooses and ex-
ecutes a high-level action at each step—such as forward rea-
soning, critique, or refinement—to gradually reach the correct
answer. To encourage deeper exploration, richer action diver-
sity, and to improve sampling efficiency in the RL optimiza-
tion process, MetaAct-RL incorporates appropriate length-
based reward and regularization, and a key-state restart mech-
anism. Extensive experiments across six benchmarks show
that MetaAct-RL improves reasoning performance by 7.99
on Llama3.2-1B and 7.17 on Llama3.1-8B relative to vanilla
RL method. Moreover, on the challenging AIME-2024, our
method outperforms the vanilla RL by 7.5 with Qwen2.5-1.5B.

1 Introduction
When faced with complex problems, humans generally en-
gage in deep, deliberate reasoning, periodically evaluating
and validating their thought processes and making appro-
priate corrections in order to arrive at reliable and optimal
decisions (Hegel 1991; Popper 2005; Kahneman 2011). Sim-
ilarly, recent research and industry efforts have shown that by
increasing inference compute and guiding language models to
adopt diverse reasoning behaviors (i.e., meta-actions)—such
as self-reflection (Dou et al. 2024), self-critique (Xi et al.
2024c), self-correction (Pan et al. 2023), and Critique-RL (Xi
et al. 2025c)—the model can effectively review and refine
its reasoning process, thereby fostering deeper insights and
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producing higher-quality outputs. (OpenAI 2024; deepseek
2024; Team et al. 2025; Gou et al. 2024; Gao et al. 2024;
Ankner et al. 2024; Welleck et al. 2023; Kumar et al. 2024).

DeepSeek-R1 demonstrated that outcome-based RL alone
can elicit different reasoning modes in the model, leading
to an “Aha” moment (DeepSeek-AI et al. 2025). Yet recent
work (Hu et al. 2025; Gandhi et al. 2025) has highlighted
that outcome-based approaches lack explicit incentives and
controls and thus cannot stably or consistently guide the gen-
eration of high-quality reasoning trajectories with diverse
actions—especially for models whose pretraining did not
include sufficient reasoning data (AI et al. 2025). As a result,
the model may suffer from a collapse of its internal delibera-
tion and tend to output only a small set of meta-actions. The
key challenge lies in how to train the model to incorporate
diverse behaviors during reasoning and explore more deeply
in order to obtain high-quality reasoning trajectories (Jaech
et al. 2024; DeepSeek-AI et al. 2025; Xi et al. 2025b).

To this end, we propose MetaAct-RL, a new RL framework
for LM reasoning that formulates the reasoning process as a
sequence of meta-actions (Figure 1). Specifically, by fram-
ing the model’s reasoning as a sequential decision-making
process, we define a set of high-level meta-actions—such as
forward reasoning, critiquing, and refining—through which
the model iteratively makes decisions and executes actions to
explore the solution space (Section 3). In our implementation,
we first leverage a data-synthesis approach to construct rea-
soning traces containing diverse meta-actions to train models
(Section 4.1). Next, we incorporate length-based rewards and
regularization, which jointly promote deeper exploration, in-
creased action diversity, and improved sampling efficiency
(Section 4.3). Finally, we employ a key-state restart strategy
to train the model to precisely generate diverse meta-actions
during the RL phase (Section 4.4).

Through detailed analysis, we demonstrate that our method
can stably and effectively optimize LM reasoning. Extensive
experiments across six reasoning tasks show that our method
consistently outperforms RL and SFT baselines (Schulman
et al. 2017). Moreover, with Qwen2.5-1.5B, it can outperform
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Figure 1: An overview of MetaAct-RL and other RL methods for LM reasoning. In Cot-RL, the LM generates a complete
solution and then receives an outcome-based reward. In Self-Correction-RL, the LM generates a solution, corrects it regardless
of its correctness, and then obtains an outcome-based reward. In MetaAct-RL, the LM adaptively performs step-level actions
such as reasoning, critiquing, and refinement to obtain a reward, which includes an outcome-based reward and a length-based
reward to guide deep thinking. MetaAct-RL also employs a key-state restart strategy, which allows the LM to start exploration
from a key intermediate step of a demonstration, to improve exploration efficiency and enhance its ability on different actions.

traditional RL by 7.50 on the challenging AIME-2024. When
combined with test-compute scaling techniques, it achieves
even greater performance gains. Furthermore, MetaAct-RL
can elicit new types of actions from LMs, such as divide-
and-conquer and case-by-case analysis, further expanding
the thinking capacity. In summary, our contributions include:

1. We introduce a meta thinking-action-based RL framework
MetaAct-RL for LM reasoning, which trains models to
select and execute meta actions during reasoning.

2. We incorporate appropriate length-based reward and reg-
ularization, and a key-state restart strategy for RL opti-
mization to encourage deep exploration, diverse actions,
and to improve sampling efficiency.

3. We conduct experiments across six benchmark tasks (e.g.,
MATH, TheoremQA, GSM8K), showing that MetaAct-
RL improves reasoning performance by 7.99 on Llama3.2-
1B and 7.17 on Llama3.1-8B. Moreover, on the challeng-
ing AIME-2024, our method outperforms the vanilla RL
by 7.5 with Qwen2.5-1.5B. We also perform in-depth
ablation and analysis to offer insights into our method.

2 Related Work
Training language models for reasoning. With the de-
velopment of language models, researchers have harnessed
prompt engineering to elicit their reasoning capabilities (Wei
et al. 2023; Kojima et al. 2023). To further strengthen this
ability, fine-tuning–based approaches have been introduced,

wherein high-quality reasoning traces are annotated and con-
structed, and the model is trained to imitate the traces step-
by-step (Huang et al. 2024b; Min et al. 2024; Team 2025;
Zelikman et al. 2022; Singh et al. 2024; Xi et al. 2025a).
Other lines of work, represented by OpenAI-o1 (Jaech et al.
2024) and DeepSeek-R1 (DeepSeek-AI et al. 2025) leverage
reinforcement learning to encourage exploration and learning,
yielding additional gains in model performance (Luong et al.
2024; Xi et al. 2024a; OpenAI et al. 2025; Team et al. 2025;
Guo et al. 2025a; Xi et al. 2025d). Our method is built on
these works, and it enhances the model’s exploration qual-
ity and diversity through appropriate regularization and the
key-state restart strategy.

Equipping language models with different reasoning ac-
tions. Recent work has shown that encouraging models
to engage in specific reasoning behaviors—such as self-
reflection (Dou et al. 2024), self-critique (Xi et al. 2024c),
self-refinement (Xu et al. 2024), and self-correction (Pan et al.
2023)—can improve their performance (Kumar et al. 2024;
He et al. 2024; Xi et al. 2023). At its core, this approach
increases inference compute by having the model execute a
more diverse set of reasoning strategies and perform deeper
exploration, resulting in higher-quality reasoning trajecto-
ries (Muennighoff et al. 2025). Many works have employed
prompt engineering (Shinn et al. 2023; Dou et al. 2024; Pan
et al. 2023), supervised fine-tuning (Zheng et al. 2024; Saun-
ders et al. 2022; Guo et al. 2025b), or reinforcement learning
(Yao et al. 2024; Keskar et al. 2019; Zhou, Du, and Li 2024;

34007



McAleese et al. 2024) to teach or reinforce these behaviors,
and have reported strong empirical gains. Building on these
insights, our approach explicitly enables the model to select
and execute different reasoning actions, guiding it to generate
high-quality and diverse reasoning trajectories. We compare
our method and other RL-based methods in Table 1.

Paradigm Action Gra. Action Spa. Op. Rounds Len.

CoT-RL Solution-level FR Pre-defined ×

SC-RL Solution-level FR, RF Pre-defined ×

MetaAct-RL Step-level FR, RF, CR Adaptive ✓

Table 1: Comparison of different RL paradigms for LM rea-
soning. Action Gra. means Action Granularity; Action Spa.
refers to the available Action Space; Op. Rounds refers to
operation rounds for model thinking; Len. refers to Length-
based design. Note that in Paradigm column, SC-RL is the
abbreviation for Self-Correction-RL; MetaAct-RL is our
method. In Action Space column, FR means forward rea-
soning, RF means refinement, and CR means critiquing.

3 Framing LM Reasoning as Sequential
Decision-Making Process

We formulate the reasoning process of LMs as a sequential
decision-making process, specifically as a Markov Decision
Process (MDP) (Puterman 1990; Qu et al. 2024). This MDP
is defined by the tuple (S,A, T , r, γ), where S represents
the state space, A denotes the action space, T : S ×A → S
is the state transition function, r : S ×A → R is the reward
function, and γ ∈ [0, 1) is the discount factor.

Given an input prompt x = (x0, . . . , xL) ∈ D, the ini-
tial state s0 represents the token sequences of the given
prompt. The LM πθ parameterized by θ generates the action
at = (h0

t , . . . , h
M
t ) according to its policy: at ∼ πθ(· | st),

where each action corresponds to an intermediate reason-
ing step, consisting of a sequence of tokens, and the state
st represents the context, including the prompt and the ac-
tions generated in the previous t− 1 steps. Specifically, we
define three kinds of step-level meta-actions for the action
space A: Forward Reasoning (st → aforward

t ), where the
model generates a reasoning step based on the current state
st; Critiquing (st → acritiquet ), where the model produces
a critique reflecting on the reasoning step in the context of
state st; and Refinement (st → arefinet ), where the model
refines the previous reasoning directly or according to the
generated critique. After each action, the transition function
T deterministically updates the state by T : st+1 = {st, at},
concatenating the tokens representing st with the action at
proposed by the model. After T time steps, the trajectory
τ = (s0, a0, s1, a1, . . . , sT ) is constructed.

Typically, the reward r (st, at) is assigned to every state-
action pair, providing feedback at the intermediate steps.
However, in this work, we focus on the case of sparse re-
wards, where a reward is only assigned at the final step T .
Specifically, the outcome-based reward function r verifies
whether the final answer is correct.

Policy gradient for language models. The objective of
RL (Sutton and Barto 2018) is to find an optimal policy
that maximizes the cumulative reward (i.e., return) Rt =∑T

t′=t γ
t′−tr(st′ , at′). To optimize the policy πθ, we employ

the widely-used policy gradient method (Sutton et al. 1999).
The general form of the policy gradient is:

∇θJ(θ) = Eτ∼πθ

[
T∑

t=0

∇θ log πθ(at | st)Rt

]
(1)

and the update step for the policy gradient is given as θ ←
θ + α∇θJ(θ), where α is the learning rate. In the area of
RL for LMs (Ouyang et al. 2022; Bai et al. 2022; Zheng
et al. 2023; Wang et al. 2024), proximal policy optimization
(PPO) (Schulman et al. 2017) is a popular and effective policy
gradient algorithm.

4 Methodology
In this section, we first introduce an approach to construct
high-quality, structured traces composed of meta-actions for
model initialization. Next, we delve into the vanilla RL opti-
mization process, and reveal its failure modes. To this end,
we propose incorporate length-based rewards and regular-
ization to promote deeper exploration. Finally, we employ a
key-state restart strategy to elicit deep reasoning with diverse
actions.

4.1 Construct Trace and Initialize Base Model
To enable the model to incorporate meta-actions, we first con-
struct a high-quality trace set containing diverse meta-actions
DSFT to train a base model. The traces need to meet the fol-
lowing requirements: i) the final answer must be correct, ii)
the traces are expected to contain diverse actions, and iii)
the reasoning process should be natural and smooth, with
different actions seamlessly connected.

To achieve this, building on the two-player paradigm of
previous work, where an actor reasoning model πθ performs
forward reasoning, a critique model πϕ conducts critiquing,
and the actor model then refines its output (Xi et al. 2024c),
we propose an approach to iteratively construct reasoning
traces. This approach consists of three main stages: (1) con-
struct an initial reasoning trace using solution-critique pairs,
(2) iteratively refine and critique to optimize the reasoning
trace, and (3) smooth the reasoning trace. The details of this
data construction are described in Appendix A.

Now given the generated dataset DSFT = {xi, yi}i=|DSFT|
i=1

where xi is the query and yi is the reasoning response, we
fine-tune a base model πSFT

θ via SFT with the following loss
function:

LSFT(θ) = E(x,y)∼DSFT

[
log πθ(y|x)

]
. (2)

4.2 Result and Finding from Vanilla MetaAct-RL
Next, we delve into the RL optimization process. We define
the outcome-based reward function as:

routcome(st, at) =

{
1, t = T and answer correct
0, t ̸= T or answer not correct
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Figure 2: Training dynamics and evaluation accuracy of preliminary experiments. MA-RL refers to MetaAct-RL; “w/” means
“with”; LB means length-based bonus; LP means length-based penalty. Our final MetaAct-RL is built upon vanilla MA-RL
described in Section 4.2, and then gradually enhanced through the additional design of reward function and the key-state restart
strategy (Section 4.3, Section 4.4 and Section 4.5).

Following previous work (Schulman et al. 2017; Ouyang
et al. 2022), we set the total reward as sum of the outcome-
based correctness score and the Kullback-Leibler (KL) di-
vergence between the learned RL policy πRL

θ and the initial
reference policy πRef

θ scaled by a coefficient factor β:

rvanilla(st, at) = routcome(st, at)

− βKL
(
πRL
θ (· | st) ∥πRef

θ (· | st)
)
,

(3)

where πRef
θ is the model after SFT. Now given query set

D = {si0}
i=|D|
i=1 , the policy gradient then can be written as:

∇θJ(θ) = Es0∼D,τ∼πθ

[ T∑
t=0

∇θ log πθ(at | st)Rt

]]
. (4)

Result: Vanilla-Meta-RL outperforms traditional CoT-
RL. We perform preliminary experiments on MATH
(Hendrycks et al. 2021), and the training dynamics and eval-
uation accuracy of vanilla MetaAct-RL and traditional RL
(which perform only forward reasoning at each step) are illus-
trated in Figure 2. We observe that: (1) the training accuracy
of vanilla MetaAct-RL increases more rapidly and signifi-
cantly, and consistently surpasses that of traditional RL. This
suggests that warming up with reasoning data with diverse ac-
tions can improve the depth and quality of model exploration.
(2) On the test set, vanilla MetaAct-RL consistently outper-
forms CoT-RL, indicating that it has better generalization by
generating different actions.

Finding: Vanilla MetaAct-RL demonstrates failure
modes. However, Figure 2c shows that as training pro-
gresses, vanilla MetaAct-RL exhibits failure modes: the
model’s reasoning length shortens, and the analysis of action
distribution in Figure 3 shows that compared to SFT model,
the mode tends to favor forward reasoning, engaging less in
critiquing and refinement. This may cause the model to rely
solely on one kind of behavior when encountering unseen
challenging problems, making it difficult to self-critique and
correct when it generates erroneous reasoning steps, leading
to a decline in performance.

SFT Vanilla-MA-RL MetaAct-RL (Ours)0

20

40
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80

100

Pr
op

or
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31.9% 25.4%
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2.7% 1.2%
8.8%

Refine Critique Reason

Figure 3: The action distribution of models trained with dif-
ferent methods. Implementation details are in Appendix D.

4.3 Length-based Reward Design for Deep and
Reliable Reasoning

To address the aforementioned challenge, we propose a
length-based reward design, which aims to elicit deep ex-
ploration while ensuring the reliability. This aligns with the
current research trend of scaling inference compute for better
reasoning performance (Brown et al. 2024; Snell et al. 2024).

Length-based bonus for eliciting long reasoning with rich
actions. As the varying difficulty of queries requires rea-
soning traces of different lengths, the challenge lies in deter-
mining how to allocate the bonus appropriately for responses
of different lengths across queries. To address this, we first es-
tablish a baseline response length for each query. In concrete,
we sample 16 responses from the SFT model for each query
and calculate the average response length, which serves as
the baseline length Lx for that query. During RL, given a
query xi and a sampled response yi, we compute the ratio of
the current response length to the baseline length, |yi|

Lxi
, and

set the bonus as η1 · |yi|
Lxi

, where η1 is a hyperparameter that
controls the bonus strength.

Length-based penalty to make reasoning more reliable.
In preliminary analysis, we find that directly using the afore-
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mentioned mechanism may lead to reward hacking (Amodei
et al. 2016), where the model simply generates meaningless
or hallucinated content (Shen et al. 2023; Chen et al. 2024a)
to increase the length of its responses and, thereby, obtain a
higher reward. Yet this may cause overthinking (Chen et al.
2024b) and incorrect final answer, and as RL progresses,
the optimization process may collapse. This is illustrated by
the orange curve in Figure 2, where the response length and
training reward increase rapidly, but the training accuracy
and evaluating accuracy drops, forming a reward hacking
phenomenon.

In light of this, we apply a penalty for incorrect but long
sampled traces. Similar to the bonus, given a sampled re-
sponse yi and its corresponding baseline length Lxi

, the
length-based penalty is set as −η2 · |yi|

Lxi
. Moreover, we ap-

ply lower and upper bounds for the ratio of length to ensure
it stays within a reasonable range. Hence, the length-based
reward function rlength becomes:

rlength(st, at) =


Bonus, t = T ∧ answer correct,
Penalty, t = T ∧ answer not correct,
0, t ̸= T,

where Bonus = η1 min
{
max

( |yi|
Lxi

, ϵ1
)
, ϵ2

}
,

and Penalty = −η2 min
{
max

( |yi|
Lxi

, ϵ1
)
, ϵ2

}
.

rMA-RL(st, at) = routcome + rlength. (5)

4.4 Key-State Restart for Generalization
Previous work has pointed out that, compared to forward rea-
soning, models’ ability to critique and correct is more limited
and harder to acquire (Huang et al. 2024a), which may be
due to the fact that in pre-training stage LMs are exposed
to relatively more forward reasoning data but lack data re-
lated to critique or correction (Pan et al. 2023; Huang et al.
2024a). However, such abilities are crucial for generalization
performance. To address this, we propose the key-state restart
strategy.

State restart for efficient and high-quality exploration.
State restart, or learning from demonstration, is a widely
used technique in RL (Subramanian, Jr., and Thomaz 2016;
Popov et al. 2017; Plappert et al. 2018; Xi et al. 2024b).
This technique allows the model to begin exploration from
an intermediate step of a given demonstration (i.e., correct
trace), thereby reducing sampling space, lowering exploration
difficulty, and improving exploration efficiency.

In our setting, we define the demonstration set for a query
s0 as Ddemo

s0 = {τ1, τ2, . . . , τM}, where M is the number of
demonstrations for s0, and each demonstration is a reasoning
trace that arrives at correct answer. During exploration of RL,
we randomly select a demonstration τm, and set the state to
a particular si ∈ τm, allowing the model to begin exploring
from there. In other words, the model is provided with prefix
steps and is prompted to continue exploring from that point,
as shown in Figure 1.

Restart from key state for better critique and refinement
ability. Since we aim to enhance the model’s critiquing and
refinement abilities, we define the key state as the state imme-
diately following an incorrect reasoning step and introduce a
key-state restart strategy. By resetting to the states, the model
is then tasked with performing appropriate critique and re-
finement actions to reach the correct result. In this way, we
allow the model to engage in more critiquing and refinement
steps to reinforce the relevant ability.

In implementation, we randomly assign the model a 50%
chance to begin exploration from the initial state s0 and a
50% chance to start from the key state for stable training.
The demonstration set is initialized with the SFT traces and
correct traces explored by models are added to the set. Based
on this, we construct the RL training set for each round as
Sall = {sistart}

|Sall|
i=1 , where sistart represents the starting state of

the i-th query, which could either be s0 or the key state. Thus,
our policy gradient becomes:

∇θJ(θ) = Esstart∼Sall,τ∼πθ

 T∑
t=j

∇θ log πθ(at | st)Rt

 ,

(6)
where j is the state position of sstart in the corresponding
demonstration.

4.5 Brief Summary
Our algorithm is summarized in B. Thanks to the aforemen-
tioned designs, our MetaAct-RL demonstrates an efficient
and stable optimization process (Figure 2), and rich actions
(Figure 3).

5 Experiments
5.1 Experimental Setup
Datasets. In this paper, we focus on mathematical reason-
ing tasks. Therefore, we select six commonly used math
datasets, including both free-form and multiple-choice-form,
namely MATH (Hendrycks et al. 2021), GSM8K (Cobbe
et al. 2021), AQuA (Ling et al. 2017), SVAMP (Patel, Bhat-
tamishra, and Goyal 2021), MathQA (Amini et al. 2019), and
TheoremQA (Chen et al. 2023). We modify their formats
based on Yue et al. (2024) to facilitate answer extraction. We
use the training splits of MATH, GSM8K and AQuA as our
training set. We select the test splits of the three tasks as our
in-domain test set; we select the test sets of SVAMP, MathQA
and TheoremQA as our out-of-domain (OOD) test set. Ad-
ditionally, we evaluate our method on the more challenging
AIME-2024 and AIME-2025, using the filtered NuminaMath
(LI et al. 2024) as the corresponding training set.

Models and baselines. We use models of varying sizes
from the Llama series as our backbone models, specifically
Llama3.2-1B-Instruct and Llama3.1-8B-Instruct (Dubey et al.
2024). For a more comprehensive evaluation, we also test
models from the Qwen (QwenTeam 2024) series, as de-
tailed in Appendix E. We include various reasoning base-
lines, including traditional Chain-of-Thought (CoT) (Wei

34010



Base-model Training-method Held-in Datasets Held-out Datasets Average
AQuA GSM8K MATH MathQA SVAMP TheoremQA

Llama3.2-1B-Instruct

CoT-STaR 34.25 33.74 14.50 35.08 49.50 8.63 29.28
COT-RL 37.95 45.90 19.38 45.44 46.15 10.64 34.24
Self-Correction-STaR 35.04 37.07 18.18 39.23 46.80 7.00 30.55
Self-Correction-RL 45.28 46.70 23.30 49.55 51.90 10.13 37.81
MetaAct-SFT 37.55 45.22 21.72 44.81 62.76 10.39 37.08
MetaAct-STaR 36.22 33.02 14.06 35.51 54.80 8.38 30.33
MetaAct-RL 48.43 52.92 25.00 52.03 64.00 11.00 42.23

Llama3.1-8B-Instruct

CoT-STaR 55.91 74.41 31.58 61.37 68.90 10.88 50.51
CoT-RL 58.66 78.62 31.64 62.61 71.90 17.50 53.49
Self-Correction-STaR 57.09 81.73 35.10 68.81 75.90 16.38 55.84
Self-Correction-RL 63.39 81.35 35.40 71.42 78.60 16.38 57.76
MetaAct-SFT 54.72 72.63 36.20 64.29 82.10 14.00 53.99
MetaAct-STaR 59.45 81.05 35.42 71.83 83.40 16.88 58.00
MetaAct-RL 66.14 83.85 38.26 72.93 83.80 19.00 60.66

Table 2: Main evaluation results. The best performance is in bold and underlined, while the second-best performance is underlined.

Method AQuA GSM8K MATH Length

MetaAct-RL (Ours) 48.43 52.92 25.00 513.3
Component ablation

-w/o length-based rewards 43.70 51.78 23.38 332.7
-w/o key-state restart 44.49 50.41 23.31 481.6
-w/ restart from reasoning 43.48 51.25 23.03 476.8

Parameter ablation
-w/ ϵ1 = 0.5, ϵ2 = ∞ 38.58 31.46 8.46 1024.0
-w/ ϵ1 = 0.0, ϵ2 = 1.5 46.85 51.25 23.00 389.5

Table 3: Ablation study on model components and length
reward parameters using Llama-3.2-1B. ϵ2 =∞ represents
no upper bound for |yi|

Lxi
, and ϵ1 = 0.0 represents no lower

bound.

et al. 2022) which performs only forward reasoning, self-
correction (Madaan et al. 2023) which performs solution-
level corrections. To implement these reasoning baselines,
we use the SFT method, the STaR method (Zelikman et al.
2022; Huang et al. 2023) which samples high-quality data
from the model itself and fine-tunes itself, and methods based
on online RL (Schulman et al. 2017).

Implementation details. For evaluation, we set the tem-
perature to 0, i.e., greedy decoding, except for the inference-
compute scaling analysis where we set the temperature to 0.7.
We construct a reasoning set of 24307 samples from MATH,
GSM8K and AQuA. Before applying RL/STaR, we perform
SFT to initialize a base model. For CoT, we follow Ding
et al. (2024) to construct our training set. For self-correction,
we mix the CoT reasoning data and the correction data for
training. For our method, we set η1 = 1, η2 = 0.5, ϵ1 = 0.5,
and ϵ2 = 1.5. See Appendix C for more details.

Method AIME-2024 AIME-2025

Qwen2.5-1.5B
-w/ CoT-RL 28.33 24.17
-w/ K1.5 (Team et al. 2025) 33.33 23.33
-w/ ADORA (Gui and Ren 2025) 31.93 25.16
-w/ MetaAct-RL (Ours) 35.83 25.42

Table 4: Results on challenging benchmarks.

5.2 Main Results

The evaluation results are listed in Table 2, we find that: (1)
Overall, compared to traditional CoT methods, training LMs
to engage in diverse actions for deeper thinking significantly
improves their reasoning performance across various datasets
and models. (2) Our constructed diverse-action-traces help
build a strong base model (i.e., MetaAct-SFT), which greatly
facilitates subsequent optimization. (3) MetaAct-STaR per-
forms well on the larger 8B model but shows weaker perfor-
mance on smaller 1B model. This might be because smaller
models struggle to sample high-quality traces (especially on
difficult queries) for self-training, leading to performance
degradation. (4) In contrast, our MetaAct-RL performs well
across models of different sizes, demonstrating the advantage
of the on-policy RL approach. Our key-state restart strategy
also contributes to this by reducing the sampling space and
lowering exploration difficulty, thereby efficiently yielding
high-quality traces.

Results on AIME-2024 and AIME-2025. We evaluate our
method on more challenging benchmarks, and the results are
in Table 4. Here we compare more baselines in length-based
reward like K1.5 (Team et al. 2025), ADORA (Gui and Ren
2025). We can find that our method consistently outperforms
other baselines, e.g., it surpasses the vanilla CoT-RL by 7.5
on AIME-2024.
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Figure 4: Inference-compute scaling with MetaAct-RL.

6 Discussion and Analysis
Ablation study on different components of MetaAct-RL.
We perform ablation experiments to verify the importance
of each component of our method. The results are presented
in Table 3. We observe the following: (1) The length-based
reward function rlength plays a crucial role in our method, as it
improves model performance by encouraging long, deep and
reliable thinking. (2) The key-state restart is also an important
component; it enhances the model’s ability to perform dif-
ferent actions, thereby improving performance. If we change
the restart point from the key critiquing step to the forward
reasoning step, which means we encourage the model to en-
gage more in reasoning and strengthen its reasoning ability,
we find that the length is reduced, and the performance drops.
This also highlights the importance of reinforcing critiquing
and refinement during RL.

In-depth ablation on rlength. Table 3 shows that if we do
not set a lower bound for the length reward, performance
decreases, but the model still performs reasonably well. How-
ever, if we do not set an upper bound for the length reward, it
easily falls into reward hacking (similar to the orange curves
in Figure 2), where the output length quickly reaches the
upper limit, i.e., 1024, causing training collapse and a drop
in test performance.

Inference-compute scaling with MetaAct-RL. We inves-
tigate whether MetaAct-RL can be combined with inference
compute scaling strategies. We evaluate the model’s Pass@K
performance, which measures whether at least one correct
answer exists among K sampled responses (Kulal et al. 2019),
and majority vote performance, which measures whether the
most frequent answer among K parallel sampled responses is
correct, denoted as Maj@K (Wang et al. 2023). The results
in Figure 4 show that our method is more efficient com-
pared to traditional CoT-RL. As the sampling number scales,
the Pass@K of the 1B model of MetaAct-RL approaches

that of the 8B model of CoT-RL. When using majority vote,
the MetaAct-RL method significantly improves the model’s
performance ceiling, for example, Maj@4 of MetaAct-RL
substantially outperforms Maj@128 of traditional CoT-RL.

MetaAct-RL elicits new types of actions from LMs.
When constructing the SFT dataset, we focus on three princi-
pal thinking actions for language models: forward reasoning,
critique, and refinement. However, we find that MetaAct-RL
can stimulate models to generate new types of actions, such
as divide and conquer, or case-by-case analysis. These new
actions can further expand the model’s reasoning capacity
and generalization ability.

More experiments, discussion and analysis. We include
more experiments of MetaAct-RL on Qwen2.5 (QwenTeam
2024) models (1.5B and 7B) in Appendix E. We analyze
error types that MetaAct-RL model identifies and handles
in Appendix F. We also perform qualitative case study on
MetaAct-RL and other methods in Appendix G.

7 Conclusion
In this paper, we explore training LMs for reasoning with
diverse meta-actions. First, we frame LM reasoning as a
decision-making process, and propose a data synthesizing
method to construct a trace set for initialization. Building
on this, we delve into the RL process, identify challenges,
and propose length-based reward and regularization, and a
key-state restart strategy for deeper exploration, richer ac-
tion diversity, and sampling efficiency. We conduct extensive
experiments and analyses to show the effectiveness of our
method and its working mechanism. We hope our work pro-
vides insights for the community of RL for LM reasoning.
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