A Systematic Review of Meta-Reasoning for Large Reasoning Models

Haoran Yu!*  Zilong Wang!*

Kang Pan?

Xiao Zhang? Erli Meng?> Shuai Li®3'

'Shanghai Jiao Tong University, Shanghai, China
2Xiaomi Corporation, Beijing, China
3Shanghai Innovation Institute, Shanghai, China
harayn4@gmail.com
{wangzilong, shuaili8}@sjtu.edu.cn
{pankang, zhangxiaol16, mengerli}@xiaomi.com

Abstract

In this paper, we survey recent advances in
meta-reasoning for Large Reasoning Models
(LRMs). Although LRMs have made remark-
able progress, they face critical limitations in-
cluding overthinking on simple queries, under-
thinking on complex problems, and ineffec-
tive exploration lacking strategic direction. We
examine how meta-reasoning addresses these
challenges by providing the necessary mecha-
nisms to dynamically regulate and optimize the
reasoning process, and propose a framework
to categorize existing studies into three core
components: the monitor which provides self-
perception of the reasoning state, the controller
which dictates the meta-policy for regulating
actions, and the mechanism which executes the
algorithmic mapping between them. By sys-
tematically reviewing these developments and
foundational challenges, we aim to map the
current landscape and identify promising direc-
tions for creating more adaptive, efficient, and
self-regulating reasoning systems.

1 Introduction

In recent years, Large Language Models (LLMs)
have achieved remarkable progress through the
scaling of parameters and training data (Kaplan
et al., 2020; Zhao et al., 2026; Minaee et al., 2025;
Naveed et al., 2025). However, despite their suc-
cess in general-purpose tasks, these models often
face limitations in solving complex, multi-step
problems. This challenge has driven the emer-
gence of Large Reasoning Models (LRMs) (Zhang
et al., 2026a; Chen et al., 2026), which employ test-
time scaling (Snell et al., 2024; Muennighoff et al.,
2025) to improve capabilities by allocating addi-
tional computational resources during inference.
By utilizing Chain-of-Thought (CoT) (Wei et al.,
2022) to explicitly generate intermediate reason-
ing steps before final answers, advanced models
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such as OpenAI’s ol (OpenAl et al., 2026) and
DeepSeek’s R1 (Guo et al., 2025a) have signifi-
cantly improved performance in mathematics, pro-
gramming, logical reasoning and other reasoning
tasks.

Despite the success of Chain-of-Thought in mak-
ing reasoning explicit, monolithic autoregressive
reasoning can entangle strategic planning with step-
by-step execution (Yang et al., 2026b). Learning
from linearized solutions alone may not capture the
exploration and verification processes underlying
complex tasks (Xiang et al., 2025). Insufficient
regulation of reasoning depth and direction can
manifest in three recurring failure modes: under-
thinking (Wang et al., 2025h), where models allo-
cate insufficient computation to complex sub-steps;
overthinking (Sui et al., 2025; Feng et al., 2025),
characterized by redundant reasoning (Fu et al.,
2025); and the exploration of unproductive paths
(Parashar et al., 2025). Such misallocation of in-
ference effort can reduce computational efficiency
and task performance.

The notion of metacognition originates from cog-
nitive science, where it refers to knowledge and
regulation of cognitive processes (Flavell, 1979).
Nelson (1990) formalizes this relationship through
object- and meta-levels connected by monitoring
and control. Recent work develops related ideas for
LLM reasoning through internalized search (Xiang
et al., 2025) and explicit metacognitive regulation
(Dong et al., 2025), aiming to improve strategy
adaptation, error correction, and the allocation of
inference-time computation.

Building on this monitoring—control perspec-
tive, we organize existing studies using a Mon-
itor—Controller—Mechanism taxonomy (§2; Fig-
ure 1): what is assessed (§3), which meta-actions
regulate reasoning (§4), and how these mappings
are learned or implemented (§5). We further dis-
cuss evaluation methods and benchmarks (§6) and
identify open directions arising from interactions
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Figure 1: Architecture of our meta-reasoning framework.

among these roles (§7).

Related Works and Surveys Existing surveys
offer complementary perspectives on reasoning reg-
ulation. Regarding the monitor and mechanism,
reviews have discussed uncertainty estimation (Liu
et al., 2025; Shorinwa et al., 2025), reward models
(Zheng et al., 2026; Liu et al., 2026b), reinforce-
ment learning (RL) for LRMs (Zhang et al., 2025¢),
and steering (Zhang et al., 2026b). Others focus on
specific control objectives, particularly reasoning-
efficiency and concise chains (Sui et al., 2025; Feng
et al., 2025; Liu et al., 2026¢; Qu et al., 2025a; Yue
et al., 2025a; Zhu and Li, 2025), self-refinement
(Kamoi et al., 2024), or tool learning (Xu et al.,
2025b). Broader accounts include Meta-CoT (Xi-
ang et al., 2025), which develops a search-based
view of reasoning and its acquisition through post-
training and the MARL-centered survey of meta-
thinking by Bilal et al. (2025). Meta-R1 (Dong
et al., 2025) integrates planning, online monitoring
and control, and termination in a two-level system.
In a position paper, Yan et al. (2025) argue for a
Bayesian meta-reasoning framework integrating
self-awareness, monitoring, evaluation, regulation,
and meta-reflection. Our survey complements these
perspectives by jointly organizing existing meth-
ods along three analytical axes: monitoring signals,
control strategies, and their algorithmic realization.

2 Motivation and Framework

In this section, we review the motivations for meta-
reasoning (§2.1) and the taxonomy (§2.2). Build-
ing on established monitoring—control accounts
(Nelson, 1990) and recent conceptual work on
LLM meta-reasoning (Yan et al., 2025), we dis-
tinguish monitoring signals, control decisions, and
the mechanisms that learn or implement their map-
ping. Figure 2 summarizes this taxonomy and the

categories reviewed in §3-§5.

2.1 The Necessity of Meta-Reasoning

One motivation for meta-reasoning is the mismatch
between the search process underlying complex
reasoning and its linearized presentation in train-
ing data (Xiang et al., 2025). Written solutions may
omit intermediate processes such as hypothesis gen-
eration and backtracking. This motivates learning
and regulating reasoning trajectories rather than
merely imitating their final linearized presentation.

Compounding this mismatch is the coupling
of high-level planning and low-level execution
in monolithic reasoning pipelines (Yang et al.,
2026b). This coupling can make it difficult to al-
locate computation selectively between strategic
exploration and routine execution. Moreover, it can
restrict initial strategy diversity, so a suboptimal
early choice may persist without effective back-
tracking or strategic redirection (Sui et al., 2026;
Yan et al., 2025).

Insufficient strategic regulation can manifest
in three primary failure modes: under-thinking
(Wang et al., 2025h), where models allocate insuf-
ficient computation to complex decision nodes and
prematurely switch traces; over-thinking (Fu et al.,
2025; Sui et al., 2025; Feng et al., 2025), where
models become trapped in redundant verification
loops; and unproductive exploration (Qu et al.,
2025b), where computational resources are spent
pursuing invalid branches without guided direction.

These limitations motivate monitoring and reg-
ulation of reasoning. We organize the surveyed
approaches around three complementary roles:

* The Monitor evaluates both problem diffi-
culty and the ongoing reasoning process. It
identifies the current state of the reasoning
to provide the necessary signals for decision-
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Figure 2: Hierarchical taxonomy of meta-reasoning methods, organized by Monitor, Controller, and Mechanism.

Branches summarize the categories discussed in §3—§5.

making and regulation.

* The Controller provides guidance for balanc-
ing exploration and exploitation to ensure that
complex steps receive sufficient depth while
easy or high-confidence steps remain efficient.

* The Mechanism implements the underlying
algorithm that connects the Monitor and Con-
troller, which defines or learns the mapping
between observed states and cognitive actions.

2.2 Formulation

Given an input problem z, the model, with pa-
rameters 7y, generates a reasoning trajectory 7 =
(z,s1, 82, ..., ST, y), where each s; can be a token
or a reasoning step and y is the final solution. At
each step ¢, the process is as follows:

The monitor, with parameters 6,,,, acts as the
system’s perceptual component. It observes the
current trajectory v = (x, $1, $2, ..., $¢) and pro-
duces a state representation hy = f(73; 6,,), which
quantifies properties like difficulty, uncertainty or
progress.

The controller, with parameters mg, ., is the
meta-policy that takes this representation h; as in-

put and selects the meta-action a; ~ 7, (-|ht)
from a predefined action space. This action a; can
be a cognitive behavior (e.g. verification, back-
tracking), a selected mode (e.g., fast thinking), or a
regular reasoning step. The model’s base policy gy
then samples the next step s;4+1 ~ 7o(|7¢, at).

The Mechanism implements and learns (if train-
able) the controller’s policy, divided into two cate-
gories: Training-time mechanisms learn the mg_
by optimizing an objective function J. Com-
mon approaches include Supervised Fine-Tuning
(SFT), which minimizes the negative log-likelihood
of expert actions: Jspr = E[—log mg, ... (af |ht)],
and Reinforcement Learning (RL), which max-
imizes the expected cumulative reward Jrp =

E[>°, R(7¢, ar)]-

Inference-time mechanisms intervene directly
on the generation process without updating param-
eters. These methods include rule-based controls
that explicitly modify output logits or force spe-
cific tokens, and activation steering, which adds a
steering vector vggeer to the model’s internal repre-

sentations H; at layer [: Hg(l) = Ht(l) ~+ Vsteer and

then s41 ~ mo(-|7, H).
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Functional roles, not exclusive labels The Mon-
itor, Controller, and Mechanism are functional
roles, and many methods instantiate more than
one. For example, token-/hidden-state statistics
that drive early exit, refinement, or tool calls com-
bine Monitor and Controller; probes whose param-
eters are reused as steering vectors and entropy-
based RL objectives combine Monitor and Mech-
anism; and SFT/RL training a model to coordi-
nate cognitive behaviors combines Mechanism and
Controller. A complete pipeline ideally realizes all
three components, and improving their interaction
is itself an open direction (§7).

3 Monitor

For a model to regulate or control its own reason-
ing, it must first be able to perceive its reasoning
process. This perceptual component is the moni-
tor. We organize existing approaches into two cate-
gories based on the object being monitored: Prob-
lem Complexity Estimation and Trajectory Track-
ing.

3.1 Problem Complexity Estimation

Problem-level monitoring estimates the complexity
of input queries to inform the Controller’s resource
allocation and guide the Mechanism’s learning pro-
cess. Heuristic metrics, such as sampling accuracy
or response length, are widely employed to improve
data sampling strategies (Tong et al., 2024), con-
struct pairs for preference optimization (Shen et al.,
2025b), or define reward signals in reinforcement
learning (Huang et al., 2026; Wu et al., 2025b). In
contrast to these surface-level metrics, recent re-
search explores the model’s intrinsic perception of
difficulty. Sheng et al. (2025) identify internal di-
rection vectors whose magnitude implicitly dictates
reasoning depth, while MASA (Kim et al., 2026)
explicitly trains the model to predict problem fea-
tures like difficulty alongside the solution, utilizing
reward signals to align this self-assessment with
actual performance.

3.2 Trajectory Tracking

Trajectory tracking monitors the ongoing reason-
ing process. By quantifying uncertainty and state
dynamics, this component provides the essential
perceptual signals that the Controller uses to take
cognitive actions and that the Mechanism uses to
optimize reasoning policies, whether through train-
ing updates or inference-time interventions.

Distributional statistics leverage token- or
segment-level probabilities. Token-level probabili-
ties serve as a direct proxy for confidence, whether
estimated through the perplexity of the generated
answer (Lu et al., 2025a; Yang et al., 2026a) or
specific linguistic markers that explicitly verbalize
certainty (Qiao et al., 2025). Beyond raw probabil-
ity, entropy (Cheng et al., 2026) serves as a proxy
for cognitive effort, identifying critical transitions
where the model engages in exploratory actions or
pivotal reasoning steps, but high-entropy tokens
are not necessarily strategic planning tokens (Wang
et al., 2026). Similarly, Yong et al. (2025) leverage
information theory metrics to quantify the devia-
tion from an ideal trajectory and the contribution
of each step.

Beyond output statistics, representation analy-
sis investigates the model’s hidden states. Unsuper-
vised metrics derived directly from hidden states
are employed to predict answer accuracy (Vilas
et al., 2026) or detect cyclic redundancy during
stagnation (Li et al., 2025a). Qian et al. (2025a)
identify information peaks by analyzing dependen-
cies between intermediate and gold-answer rep-
resentations. Supervised probes predict the cor-
rectness of intermediate answers (Zhang et al.,
2025a), whereas MeCo extracts a metacognitive
direction through principal component analysis of
contrastive representation differences to inform
tool use (Li et al., 2025b). These signals typically
determine the timing for cognitive actions, such
as early exit. Furthermore, other methods utilize
these probes to detect specific cognitive patterns
and leverage their parameters as steering vectors, a
mechanism we will discuss in §5.

4 Controller

The controller serves as the central executive of the
meta-reasoning framework, answering the ques-
tion: "Given the current state of the reasoning pro-
cess (as perceived by the monitor), what cogni-
tive action should be taken next?" We organize
this landscape functionally, distinguishing between
Strategic Planning, which sets the global topology
before execution, and Dynamic Regulation, which
governs the reasoning process in real-time.

4.1 Strategic Planning

Strategic planning involves a priori decisions that
establish a global reasoning topology, blueprint, or
configuration before detailed step-by-step reason-
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ing.

Planning What Structure to Build These meth-
ods first generate a problem-specific roadmap—a
concise outline (Ning et al., 2024b), high-level
strategic knowledge (Wang et al., 2024c), or a task-
specific blueprint composed from atomic reason-
ing modules (Zhou et al., 2024). More complex
controllers externalize this process via a separate
instruct model (Fan et al., 2025) or by formulating
strategy selection as a Multi-Armed Bandit (MAB)
over candidate “meta-thoughts” (Liu et al., 2026a).

Planning Which Past Experience to Use Rather
than planning from scratch, these methods leverage
external memory of similar precedents (Didolkar
et al., 2024, 2025), typically through metric-based
retrieval (Yang et al., 2024; Wu et al., 2026). Rea-
sonFlux (Yang et al., 2025a) further learns to con-
struct trajectories of templates via preference learn-
ing.

Planning How to Behave The plan here is a
meta-decision about the global mode, topology,
or style of reasoning for the entire task: enforcing a
specific style (Xu et al., 2025a; Aytes et al., 2025),
selecting a predefined topology (Gao et al., 2024),
allocating a reasoning budget (Nayab et al., 2026;
Xu et al., 2026), or selecting a complete reason-
ing configuration via a MAB policy (Wang et al.,
2025g) or a planner trained on action trajectories
selected by iteratively narrowing the candidate set
to high-success subsets (Yue et al., 2025b). A re-
lated strategy calibrates effort by deciding between
“fast” and “slow” modes via reinforcement learning
(Fang et al., 2025; Jiang et al., 2025a), preference
learning (Rafailov et al., 2023; Luo et al., 2025),
or external performance—cost routing (Pan et al.,
2026).

4.2 Dynamic Regulation

While strategic planning sets the blueprint, com-
plex problems often require real-time adjustments.
Dynamic regulation refers to the controller’s abil-
ity to intervene, coordinate, and switch behaviors
during the reasoning process.

Establishing Cognitive Behaviors To execute
discrete "meta-reasoning atoms" such as back-
tracking or verifying, a prerequisite is establishing
the behaviors themselves. Gandhi et al. (2025)
prime models via supervised fine-tuning on cu-
rated datasets of cognitive behaviors. Zhang
et al. (2026d) learn temporally consistent latent

action abstractions through an iterative expecta-
tion—maximization procedure that alternates self-
supervised reinforcement learning and supervised
fine-tuning.

Coordination of Cognitive Behaviors Once be-
haviors are established, the controller must invoke
them at the appropriate steps. This coordination
can be managed by external modules or internal-
ized within the model itself.

* External Policy Controllers: These methods
employ a separate, often lightweight, mod-
ule or search procedures to govern the reason-
ing flow. For instance, Meta-reasoner (Sui
et al., 2026) uses a MAB framework where
each reasoning action (e.g., backtrack, restart)
is treated as an arm, leveraging progress re-
ports as context. Similarly, AutoMR (Zhang
et al., 2026f) trains a separate MLP controller
to observe context and sample meta-actions,
dynamically constructing a reasoning DAG.
In multi-agent settings, MPDF (Yang and
Thomason, 2026) equips each agent with its
own meta-policy, enabling active selection of
meta-reasoning actions based on peer states.
For search-based coordination, rStar (Qi et al.,
2025b) employs Monte Carlo Tree Search
(MCTS) over predefined reasoning actions us-
ing self-consistency rewards.

Hierarchical and Collaborative LLM
Agents: More complex coordination uses ex-
ternal LLMs as meta-controllers. In hierarchi-
cal control, a "leader" model guides "worker"
models (Dong et al., 2025): MLPO (Estornell
et al., 2025) trains a leader to fuse and evalu-
ate answers from untrained workers; ReMA
(Wan et al., 2025) decouples "meta-thinking"
and "reasoning" agents that co-train via multi-
turn GRPO. Peer-to-peer frameworks instead
rely on collaborative or adversarial dynamics:
LongxShort (Ning et al., 2025) co-optimizes
long- and short-thought models via asyn-
chronous updates, while CDG (Wang et al.,
2025e) uses adversarial self-play among a
prover, a helpful critic, and a misleading critic.

Internalized Control: Other methods elimi-
nate the external module, training the model
to self-regulate via RL or search. RLVMR
(Zhang et al., 2026¢) and Satori (Shen et al.,
2025a) explicitly train models to interleave
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reasoning actions using rule-based rewards.
CSPO (Ha et al., 2026) further refines this
by using a control mask to update only the
control tokens during training.

Optimizing Individual Meta-Actions Orthogo-
nal to the coordination architecture above, a size-
able body of work targets specific meta-cognitive
actions in isolation, including early exit (Yang et al.,
2026a; Yue et al., 2025a), error detection and self-
refinement (Kumar et al., 2025; Kamoi et al., 2024),
and—yparticularly central for agentic LRMs—tool
invocation (Xu et al., 2025b). Tool use is itself
a meta-action that interfaces reasoning with the
external environment: foundational reason—act for-
mulations interleave reasoning and tool calls (Yao
et al., 2023; Schick et al., 2023); decision-boundary
benchmarks evaluate whether and when to call a
tool (Huang et al., 2024; Ning et al., 2024a; Ross
et al., 2025; Wang et al., 2025f); and adaptive trig-
gering methods drive this decision from metacog-
nitive or efficiency-aware signals (Li et al., 2025b;
Qian et al., 2025b; Wang et al., 2025b). We expand
on tool use in Appendix C.

Navigation of Concrete Reasoning Steps These
methods regulate the reasoning process by actively
navigating the space of concrete steps to locate
optimal solution paths, rather than managing meta-
behaviors. Step-wise search approaches optimize
the path incrementally using tree search algorithms.
Reasoning via Planning (Hao et al., 2023) adapts
MCTS to balance exploration and exploitation,
while RetroSearch (Lu et al., 2025b) branches at
specific switch words to identify the best trajec-
tory for fine-tuning. Alternative methods focus on
sampling and filtering complete reasoning chains.
For example, RaM (Sabbata et al., 2024) evalu-
ates paths based on a utility-length trade-off during
expert-iteration training.

Mode Switching Beyond navigating concrete
steps, some controllers implement dynamic mode-
switching, altering the reasoning strategy or solver
in real-time based on intermediate states. Rule-
based approaches trigger these switches determinis-
tically, such as changing methods upon verification
failure (Liu et al., 2023), intervening when progress
stagnates (Khandelwal et al., 2025) and switching
between explicit and latent reasoning guided by
estimated confidence (Shi et al., 2026). In contrast,
learned adaptive methods rely on internal metrics to
govern these transitions, with recent works specif-

ically optimizing the dynamic switching between
"fast" and "slow" reasoning modes (Zhang et al.,
2025d; Cheng et al., 2025b).

5 Mechanism

The mechanism serves as the underlying algorithm
that learns or executes the mapping from the mon-
itor’s state observations to the controller’s behav-
ioral outputs. It bridges the gap between perception
and action, encompassing both the acquisition of
meta-cognitive policies during training and execu-
tion during inference.

5.1 Training Time

Training mechanisms instill meta-reasoning capa-
bilities by fine-tuning model parameters, falling
into three categories: Supervised Fine-Tuning
(SFT), Preference Learning, and Reinforce-
ment Learning (RL). Since SFT and Preference
Learning for meta-reasoning are primarily data-
centric—constructing expert reasoning traces (Lu
et al., 2025b) or preference pairs (An et al,
2025)—we concentrate on RL in this section.

5.1.1 Reinforcement Learning

Reinforcement Learning frames reasoning as se-
quential decision-making. By optimizing expected
returns rather than next-token likelihood, it fa-
cilitates autonomous discovery of meta-cognitive
strategies through exploration.

Dense Rewards A critical challenge in long-
horizon reasoning is reward sparsity: feedback is
binary and deferred until the final answer. Dense
rewards provide granular intermediate-step evalua-
tions to guide reasoning and enable more precise
credit assignment.

* External Reward Models To evaluate in-
termediate steps, Process Reward Models
(PRMs) are evolving from expensive human
annotation (Lightman et al., 2024) toward au-
tomated correctness estimation via sampling
(Wang et al., 2024b), or richer signals like so-
lution progress (Setlur et al., 2025) and coher-
ence (Zou et al., 2025). Alternatively, to avoid
step-level annotations, implicit methods de-
rive step-wise signals directly from outcome
rewards via reparameterization (Yuan et al.,
2025; Cui et al., 2026).

* Internal Reward Estimation Instead of ex-
ternal judges, internal reward estimation meth-
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ods derive dense signals intrinsic to the gen-
eration process. A primary strategy measures
the incremental gain in confidence or accu-
racy between adjacent steps, utilizing changes
in ground-truth log-probability (Yoon et al.,
2025) or accuracy of answers sampled on sub-
trajectory (Yue et al., 2026; Qu et al., 2025b;
Qi et al., 2025a). Tree-based approaches ex-
ploit structural dependencies, propagating ver-
ifiable leaf rewards bottom-up to intermedi-
ate nodes via sibling normalization or parent-
child comparisons (Li et al., 2025c; Yang
et al., 2025¢; Hou et al., 2025). Furthermore,
other methods integrate information-theoretic
metrics, utilizing entropy to value pivotal high-
uncertainty tokens (Tan et al., 2026) or quan-
tifying information gain (Wang et al., 2025¢).

Credit Assignment and Advantage Estimation
Beyond the reward signal itself, effective meta-
reasoning requires sophisticated credit assignment
mechanisms that account for the structure and re-
liability of the reasoning process. Cheng et al.
(2025a) notably employ a min-form strategy to
robustly assign credit and prevent estimation error
accumulation. While traditional GAE (Schulman
etal., 2018) relies on potentially noisy critic models
and group-based methods like outcome-supervised
GRPO (Shao et al., 2024) assign uniform credit
within a response, sampling-based alternatives such
as VinePPO (Kazemnejad et al., 2025), SPO (Guo
et al., 2025b), BRPO (Qi et al., 2025a) and FR3E
(Zheng et al., 2025) aggregate returns from po-
tential futures to offer finer granularity. Moving
beyond uniform token treatment, recent works de-
sign advantages to explicitly reinforce cognitive
structures: Wang et al. (2026) and Li et al. (2026)
amplify credit for high-level reasoning anchors,
Ding et al. (2025) apply distinct scaling for "think-
ing" tokens, Cheng et al. (2026) integrate entropy
to encourage exploration, and Sun et al. (2025) sta-
tistically correlate token occurrences with correct
outcomes.

Alternative Learning Paradigms BARL
(Zhang et al., 2026¢) argues that standard Marko-
vian RL is flawed for exploration since exploratory
actions are inherently sub-optimal; it maintains
a posterior belief over candidate answers and
optimizes a posterior-weighted Q-value, naturally
inducing reflection and strategy switching when
predictions contradict observations.

5.2 Inference Time

Inference-time interventions actively modulate the
reasoning process during generation without alter-
ing model weights. While surface-level strategies
directly constrain the output by adjusting specific
token logits (Wang et al., 2025a) or injecting con-
trol tokens into the stream (Muennighoff et al.,
2025; Zhang et al., 2025b; Wu et al., 2025a), in
this section, we focus on steering, which entails the
deep manipulation of internal representations.

5.2.1 Steering and Activation Engineering

Representation Extraction Precise steering of
the reasoning process necessitates isolating a
vector representing ‘reasoning’ within the high-
dimensional activation space. This is typically
achieved through contrastive activation analysis,
which captures shifts in internal representations
across differential contexts (Hgjer et al., 2025). The
linear representation hypothesis (Park et al., 2024)
posits that high-level concepts can be represented
as directions in a model’s representation space. A
common extraction method, Difference of Means
(DoM) (Rimsky et al., 2024), computes steering
vectors by taking the difference between the mean
activations of contrastive sample sets, including
easy versus hard instances (Sheng et al., 2025),
chain-of-thought versus direct answering (Zhang
and Viteri, 2025), and the presence of specific cog-
nitive behaviors (Venhoff et al., 2025b; Chen et al.,
2025b; Chang et al., 2025). Probe-based methods
introduce a supervised, discriminative perspective.
Such methods train linear probes on specific layers
or heads to identify truthfulness-related directions
(Lietal., 2023) or cognitive behaviors (Zhang et al.,
2025e), determine the correctness of the answer
(Cheng et al., 2025c¢), estimate the pre-allocated
reasoning budget (Sheng et al., 2025), and track
the progress of reasoning (Eisenstadt et al., 2025).
Moving beyond simple averaging, several methods
employ Principal Component Analysis (PCA) on
the pairwise differences of contrastive samples to
extract more robust steering directions (Lin et al.,
2025b). To further mitigate noise, approaches like
Huang et al. (2025) and Zhang et al. (2025¢) project
these extracted vectors onto the subspace spanned
by the top-k principal components, thereby isolat-
ing the dominant axes of variation.

Another class of work utilizes Sparse Autoen-
coders (SAEs) to decompose model activations
into a sparse set of interpretable feature direc-
tions within the decoder’s columns (Galichin et al.,
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2026). Baek and Tegmark (2025) confirm in dis-
tilled models that there exists a specific set of sparse
features that are causally responsible for perform-
ing certain types of reasoning. Building on this,
Venhoff et al. (2025a) employ small-scale SAEs to
cluster thinking trajectories, identifying potential
meta-actions in an unsupervised manner that elimi-
nates the need for predefined action categories.

Localization Once the steering direction is ex-
tracted, the next challenge is determining the
optimal location in the model for intervention.
Layer-wise analysis by Venhoff et al. (2025b) uses
gradient-based attribution patching to estimate the
impact of interventions on the output distribution
and identify influential layers for steering. At the
component level, interventions target specific func-
tional modules: Li et al. (2023) utilize linear probes
to identify attention heads with high truthfulness
discrimination, while Wang et al. (2025d) apply
Normalized Pointwise Mutual Information in MoE
architectures to isolate cognitive experts that co-
occur with thinking tokens. Zhao et al. (2025b)
further achieve neuron-level precision, identifying
specific significant neurons within MLP layers by
contrasting activations.

Intervention Dynamics To ensure precise con-
trol without damaging general capabilities, adap-
tive strategies first determine when to intervene
using similarity-based gating (Egbuna et al., 2025)
or probe-triggered events (Cheng et al., 2025c¢).
Ward et al. (2025) further emphasize locating up-
stream tokens prior to the backtracking event. Sub-
sequently, intervention intensity is dynamically
modulated to match the reasoning state: Lin et al.
(2025b) and Jiang et al. (2025b) scale steering mag-
nitude based on real-time difficulty and uncertainty
estimates, while to preserve fluency, Xie (2025) uti-
lizes a fixed token-wise decay, contrasting with the
fitted local shaping strategy of Zhao et al. (2025b).

6 Evaluation and Benchmarks

Several recent evaluations of large reasoning mod-
els have shifted focus from final-answer accuracy
to the monitoring, planning, and control of the rea-
soning process itself. In this section, we first clarify
how existing benchmarks evaluate meta-cognitive
ability and reasoning-process quality, and then dis-
cuss the reliability issues in such evaluations, in-
cluding judge bias, evaluation-context sensitivity,
and test-set leakage.

A first class assesses reasoning-process quality
at intermediate steps, providing indirect evidence
relevant to meta-reasoning: PRM-style process su-
pervision (Lightman et al., 2024), step-level valid-
ity and redundancy (Xia et al., 2025), relevance and
coherence (Do et al., 2025), and error-tree evalua-
tion for proofs (Yang et al., 2025b). A second class
targets specific cognitive behaviors—error local-
ization (Zeng et al., 2025, 2024), next-action plan-
ning (Chen et al., 2025a), possibility-space explo-
ration (Heyman and Zylberberg, 2025), high-level
strategy (Ferguson et al., 2025), and adversarial
redundancy filtering (Bamgbose et al., 2026)—or
whether models understand their own knowledge
(Ren et al., 2026; Prato et al., 2024; Barkan et al.,
2026).

Since process evaluation often relies on LLM-as-
a-judge to reduce human annotation cost, it inherits
biases including position, length, verbosity, and
egocentric bias (Zheng et al., 2023; Wang et al.,
2024a; Koo et al., 2024). Such judgments require
validation against appropriate human grounding,
particularly when the judging task approaches or
exceeds the judge’s capabilities (Krumdick et al.,
2026). Mitigations include calibrated protocols
such as position balancing, evidence-based judging,
and human-in-the-loop auditing for difficult cases
(Zheng et al., 2023; Wang et al., 2024a; Krumdick
et al., 2026). Recent work further reports unex-
plained judgment variance in Arena-Hard Auto
(Feuer et al., 2025), evidence of evaluation aware-
ness (Needham et al., 2025; Nguyen et al., 2025),
and behavioral changes under deployment-style
prompt rewriting (Xiong et al., 2025), raising con-
cerns about the reliability of evaluation results be-
yond the tested contexts. Test-set leakage is an-
other concern, addressed through newly authored
problems designed to match GSM8K’s style and
difficulty in GSM1k (Zhang et al., 2024), ques-
tion decontamination and a non-public test set in
MMLU-CF (Zhao et al., 2025a), and dynamic task
generation in KUMO (Lin et al., 2025a).

Measuring Over- and Under-Thinking A com-
plementary line of work measures whether a
model’s inference effort is calibrated to problem
difficulty. As a simplified budget-level view, let
B(z) denote the budget used (thinking tokens,
steps, or branches) and B*(x) a hypothetical suffi-
cient reference budget for a fixed model, reasoning
policy, and success criterion. Then B(x) > B*(x)
and B(z) < B*(r) indicate excess or shortfall
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relative to this reference. Existing work exam-
ines reasoning efficiency and progress through
output-based indicators, such as token efficiency
and answer confidence, and representation-based
indicators, such as cyclic latent fluctuations and
reasoning-length signals (§3), rather than directly
estimating B*(z). Under-thinking can occur in
long reasoning traces when promising thoughts are
abandoned prematurely; Wang et al. (2025h) quan-
tify the associated token inefficiency in incorrect
responses. Retro-Search (Lu et al., 2025b) revisits
thought-switching points to obtain shorter correct
trajectories from initially correct responses. Dis-
tinguishing insufficient persistence from limited
capability therefore requires path-level assessment,
not token length alone.

7 Future Directions

While recent advancements have enhanced the
meta-reasoning capabilities of LRMs, several open
problems remain to be addressed.

From Inference Intervention to Training Guid-
ance Current representation analysis is predom-
inantly limited to test-time interventions, such as
using activation patterns as metrics for decision-
making or as steering vectors for dynamic con-
trol. A promising direction is to translate these
inference-time insights into training signals (Vilas
et al., 2026), similar to how entropy is utilized for
improving credit assignment in RL.

Formalizing and Learning the Meta-Action
Space Most existing meta-reasoning frameworks
rely on manually defined action spaces (Zhang
et al., 2026e; Sui et al., 2026), with few attempt-
ing unsupervised clustering (Venhoff et al., 2025a).
Future work could explore how to construct a rigor-
ous, complete meta-action space by analyzing the
latent structures of reasoning processes. Optimiz-
ing the base policy to better support these actions is
also important (Qu et al., 2025b; Setlur et al., 2025;
Zhang et al., 2026d), as a well-structured initial
stage can significantly enhance the efficiency of
subsequent post-training optimization.

Scalable Multi-Agent Architectures While
multi-agent frameworks enhance reasoning through
diverse perspectives, current training paradigms of-
ten suffer from inefficiency, typically fine-tuning
only a single agent (Estornell et al., 2025) or re-
lying on alternating updates when agents do not
share parameters (Wan et al., 2025). Future work

could design more efficient collaboration architec-
tures that allow for the joint optimization of hetero-
geneous agents and reduced communication over-
head, ensuring that the collective intelligence scales
effectively without diminishing returns.

Robust Process Reward Estimation To reduce
reliance on human annotation, process rewards are
increasingly estimated via sampling (Kazemnejad
et al., 2025; Guo et al., 2025b). However, this intro-
duces a trade-off between estimation accuracy and
computational cost. In addition, sampling-based
methods often yield zero positive signals for initial
weak models. Future methods could design strate-
gies to address this cold start problem. Solutions
may involve curriculum-based reward modeling or
cross-model supervision to provide dense feedback
even in the absence of successful rollouts.

Limitations

One primary limitation of this survey is the depth
of integration with foundational cognitive sci-
ence. While we structure our analysis around
the monitor-controller-mechanism framework, our
discussion primarily focuses on the computa-
tional implementations of these components within
Large Reasoning Models. We do not fully ex-
haust the rich body of literature from cognitive
psychology—specifically theories regarding meta-
cognitive regulation, dual-process theory, and epis-
temic feelings—which could offer deeper explana-
tory power for why certain architectural choices
succeed or fail. Future work could benefit from a
more rigorous mapping between these biological
cognitive models and the emerging behaviors of
artificial reasoning agents, potentially uncovering
theoretical upper bounds for machine introspection.

Secondly, the explosive growth of research in
Large Reasoning Models presents a challenge to
comprehensiveness. Consequently, despite our best
efforts to cover the current landscape, it is possible
that some important works may have been uninten-
tionally omitted from this review.
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A Potential Risk

While this survey primarily focuses on foundational
mechanisms, the transition to self-regulating meta-
reasoning introduces several critical risks:

Dual-Use and Malicious Planning While meta-
reasoning is beneficial for complex problem-
solving, it introduces severe dual-use risks. Sys-
tems capable of robust strategic planning and au-
tonomous error correction could be exploited by
malicious actors in high-stakes domains such as
law and medicine to orchestrate sophisticated le-
gal fraud, generate highly plausible but fabricated
clinical evidence, or automate the exploitation of
regulatory loopholes.

Alignment and Steering Vulnerabilities Inter-
vening at inference time through activation engi-
neering and steering vectors (§5.2.1) provides deep,
mechanistic control over a model’s internal repre-
sentations. While these techniques offer promising
pathways for ensuring Al alignment and promoting
meta-reasoning, they simultaneously act as a vul-
nerability. If exploited, adversarial steering could
be used to bypass safety guardrails, hijack the con-
troller, and force the model into deceptive, harmful,
or inherently biased reasoning patterns.

Environmental and Computational Costs The
paradigm shift toward LRMs heavily relies on test-
time scaling to improve capabilities by allocating
additional computational resources during infer-
ence. Generating extensive reasoning steps and re-
lying on dense process reward optimization (§5.1.1)
may significantly increase the computational costs
of these models. Without targeted efficiency im-
provements, the training process and deployment
of reasoning models pose environmental sustain-
ability concerns.

B Statement of LLM Usage

We use Gemini3 Pro to check for grammatical er-
rors and polish our writing.

C Tool Use as a Meta-Action

As agentic LRMs become increasingly embedded
in everyday workflows, tool invocation serves as
a core interface between reasoning and real-world
action, as reflected in general agent benchmarks
(Mialon et al., 2024), dual-control settings (Barres
et al., 2026), and browsing-focused benchmarks
(Wei et al., 2025). We connect this meta-action to
three lines of work referenced in §4.

Foundational reason-act formulations ReAct
(Yao et al., 2023) explicitly interleaves verbal rea-
soning traces with text actions, allowing the model
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to induce, track, and revise plans while incorpo-
rating external observations. Toolformer (Schick
et al., 2023) pushes this to the parameter level, train-
ing the language model in a self-supervised manner
to decide which APIs to call, when to call them,
what arguments to pass, and ~ow to incorporate the
returned results into subsequent generation.

Evaluating the decision boundary Whether to
call a tool is itself a meta-decision that benchmarks
now isolate. MetaTool (Huang et al., 2024) probes
tool-usage awareness and selection across single-
and multi-tool scenarios. WTU-Eval (Ning et al.,
2024a) contrasts tool-usage and general datasets,
showing that LLMs frequently fail to abstain from
tool use on tasks they could solve with paramet-
ric knowledge. When2Call (Ross et al., 2025) ad-
ditionally evaluates when to ask follow-up ques-
tions and when to admit insufficient tool cover-
age. Learning-to-Ask (Wang et al., 2025f) targets
noisy or under-specified instructions and proposes
Ask-when-Needed, prompting the agent to request
clarification rather than hallucinate arguments.

Adaptive triggering with metacognitive and
efficiency-aware signals Beyond benchmarks,
several methods drive the tool-invocation deci-
sion from metacognitive signals. MeCo (Li
et al., 2025b) uses hidden-state evidence to as-
sess whether a query exceeds the model’s inter-
nal capabilities and warrants external tool assis-
tance. SMART (Qian et al., 2025b) trains agents
on rationale-annotated trajectories that distinguish
steps solvable by parametric knowledge from those
requiring tools, mitigating tool overuse. OTC
(Wang et al., 2025b) formulates tool calling as
an RL problem with a tool-integrated reward that
jointly considers correctness and tool-efficiency,
encouraging accurate answers with minimal calls.

Tool use can be analyzed through all three roles
in our framework: signals about information needs
and capability limits, decisions about external ac-
tions, and mechanisms that learn or implement
those decisions. These roles may be explicit or
implicit, and are not separately instantiated in ev-
ery method.

D Comparative Analysis

Differences in datasets, base models, prompting se-
tups, hyperparameters, and evaluation metrics limit
direct quantitative comparisons across the surveyed
works. We therefore compare implementation-

dependent trade-offs along the three axes of our
framework.

Monitoring Signals Distributional statistics over
output tokens, such as perplexity and entropy, do
not require hidden-state access when the necessary
token probabilities are available. They can support
rule-based triggers, as in confidence-based early
exit, although obtaining the signals may require ad-
ditional generation (Yang et al., 2026a). In contrast,
representation analysis—Ilinear probes, contrastive
activation differences, and sparse autoencoder fea-
tures—requires access to internal activations, with
costs depending on feature extraction, any auxiliary
training, and the frequency and location of evalu-
ation (Zhang et al., 2025a; Galichin et al., 2026).
Such methods can identify signals associated with
answer correctness or specific reasoning behaviors
and provide directions for steering (Zhang et al.,
2025a; Venhoff et al., 2025b).

Coordinating Meta-Behaviors Inference-only
prompt- or template-based methods avoid updating
model weights (Ning et al., 2024b; Zhou et al.,
2024), but may require additional calls or to-
kens and depend on the prompting setup and base
model’s ability to follow instructions. RL-based
methods can learn the coordination of reasoning
behaviors, but introduce training costs and design
choices concerning initialization, rewards, credit
assignment, and optimization stability (Shen et al.,
2025a). When an external planning module is used,
implementations range from lightweight selectors
to LLM-based planners and multi-agent systems.
Lightweight networks or bandit policies can have
low action-selection overhead, but end-to-end cost
also depends on how context and feedback are
obtained (Zhang et al., 2026f; Sui et al., 2026).
Their action spaces may be predefined or dynam-
ically expanded (Sui et al., 2026). LLM-based
planners and multi-agent collaborations support
natural-language strategy generation and role spe-
cialization, while their computational cost depends
on model sizes, interaction frequency, and the re-
sulting reasoning length (Dong et al., 2025; Wan
et al., 2025). For trainable variants, parameter shar-
ing, update schedules, and reward design also af-
fect efficiency and learning dynamics (Wan et al.,
2025).

Mechanism-Level Choices Training-time meth-
ods learn reasoning policies through parameter
updates and incur data-generation and optimiza-
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tion costs; their generalization and stability depend
on the training setup and evaluation tasks (Shen
et al., 2025b; Wan et al., 2025). Inference-time
activation steering modifies internal activations
without updating the base model’s weights, but
may require offline activation collection or probe
training (Li et al., 2023; Venhoff et al., 2025b).
It also requires choices about the target behav-
ior, intervention components or layers, timing,
and strength (Venhoff et al., 2025b; Cheng et al.,
2025c¢). Cross-component approaches that combine
training-time learning with inference-time steering
offer a promising middle ground but remain under-
explored.
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Method

\ Monitor

\ Controller

Mechanism

§3.1 Problem Complexity Estimation

DAST (Shen et al., 2025b)

Sheng et al. (Sheng et al.,
2025)

Heuristic metrics (sampling ac-
curacy + length)

Intrinsic perception (reasoning-
strength direction)

Plan How to Behave (budget alloca-
tion)
Plan How to Behave (budget alloca-
tion)

Training time — Preference
learning
Inference time — Steering

§3.2 Trajectory Tracking

Concise (Qiao et al., 2025)
Yang et al. (2026a)
CORE (Li et al., 2025a)

MeCo (Li et al., 2025b)

Distributional statistics (verbal-
ized certainty)

Distributional statistics (answer
perplexity)
Representation
(hidden-state cycle)
Representation analysis (PCA-
based metacognition probe)

analysis

Optimize Meta-Actions (early exit
/ pruning)
Optimize Meta-Actions (early exit)

Optimize Meta-Actions (stagnation
handling)

Optimize Meta-Actions (tool invo-
cation trigger)

Training time - SFT /
SimPO
Inference time — rule-based

Inference time — rule-based

Inference time — rule-based

§4.1 Strategic Planning

Skeleton-of-Thought
(Ning et al., 2024b)
Self-Discover (Zhou et al.,
2024)

MRP (Gao et al., 2024)

ReasonFlux (Yang et al.,
2025a)
Thinkless (Fang et al.,
2025)

Plan What Structure (concise out-
line)

Plan What Structure (module com-
position)

Plan How to Behave (topology se-
lection)

Plan Which Past Experience (tem-
plate trajectory)

Plan How to Behave (fast/slow
switching)

Prompt
Prompt
Prompt
Training time — Preference
learning

Training time — RL (De-
GRPO)

§4.2 Dynamic Regulation — Coordination of Cognitive Behaviors

Meta-reasoner (Sui et al.,
2026)
AutoMR (Zhang et al.,
2026f)

rStar (Qi et al., 2025b)
ReMA (Wan et al., 2025)
MLPO (Estornell et al.,
2025)

Satori (Shen et al., 2025a)
RLVMR (Zhang et al.,

2026e)
CSPO (Ha et al., 2026)

Trajectory:
(context)
Trajectory: context features

progress report

Coordination — External Policy
(MAB over meta-actions)
Coordination — External Policy
(DAG construction)

Coordination — External Policy
(MCTS over actions)

Coordination -  Hierarchical
(meta/object agents)
Coordination -  Hierarchical

(leader—workers)

Coordination — Internalized (action
interleaving)

Coordination — Internalized (verifi-
able actions)
Coordination
(control-token)

Internalized

External bandit

RL (REINFORCE) for an
MLP controller; inference-
time DAG construction
Inference time — Search
(MCTS)

Training time — RL

Training time — RL

Training time — RL (de-
signed reward)

Training time — RL (de-
signed reward)

Training time — RL (control
mask)

Table 1: Methods primarily contributing on the Monitor/Controller axes. Section dividers correspond to main-text
headings under §3—§4; each cell prefixes the main-text category with the method’s specific instantiation. Continued

in Table 2.
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Method

\ Monitor

Controller

\ Mechanism

§5.1.1 Reinforcement Learning — Dense Rewards

Math-Shepherd  (Wang
et al., 2024b)

Dense Rewards — External
Reward Models (sampled
PRM)

§5.1.1 Reinforcement Learning — Credit Assignment and Advantage Estimation

SPO (Guo et al., 2025b)
BRPO (Qi et al., 2025a)

HICRA (Wang et al.,
2026)

Credit Assignment
(segment-level)

Credit Assignment (budget-
relative)

Credit Assignment
(planning-token advan-
tage amplification)

§5.1.1 Reinforcement Learning — Alternative Learning Paradigms

BARL (Zhang et al.,
2026¢)

Dynamic regulation (implicit reflec-
tion & strategy switch)

Alternative Paradigms
(Bayes-adaptive RL)

§5.2.1 Steering and Activation Engineering — Representation Extraction

ITI (Li et al., 2023)

SEAL (Chen et al., 2025b)
Venhoff et al. (2025b)
Galichin et al. (2026)
Zhang et al. (2025¢)

Repr. Extraction — Probe-
based + DoM

Repr. Extraction — DoM
Repr. Extraction — DoM
Repr. Extraction — SAE
Repr. Extraction — Probe-
guided head selection +
PCA-projected mean activa-
tions

Table 2: Methods primarily contributing on the Mechanism axis. Section dividers correspond to §5.1.1 (Reinforce-
ment Learning) and §5.2.1 (Steering and Activation Engineering); each cell prefixes the main-text sub-paragraph
with the method’s specific instantiation. Continuation of Table 1.
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