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Abstract

Reinforcement learning (RL) has catalyzed the
emergence of Large Reasoning Models (LRMs)
that have pushed reasoning capabilities to new
heights. While their performance has garnered
significant excitement, exploring the internal
mechanisms driving these behaviors has be-
come an equally critical research frontier. This
paper provides a comprehensive survey of the
mechanistic understanding of LRMs, organiz-
ing recent findings into three core dimensions:
1) training dynamics, 2) reasoning mechanisms,
and 3) unintended behaviors. By synthesiz-
ing these insights, we aim to bridge the gap
between black-box performance and mecha-
nistic transparency. Finally, we discuss under-
explored challenges to outline a roadmap for
future mechanistic studies, including the need
for applied interpretability, improved method-
ologies, and a unified theoretical framework.

1 Introduction

The past few years have witnessed remarkable
progress in the reasoning capabilities of large
language models (LLMs). Recently, reinforce-
ment learning (RL) has emerged as a transforma-
tive paradigm for incentivizing complex reason-
ing, giving rise to advanced large reasoning models
(LRMs) (DeepSeek-Al et al., 2025; Jaech et al.,
2024). These models demonstrate exceptional per-
formance across a wide range of domains, includ-
ing mathematics, coding, and logic. Notable re-
search (DeepSeek-Al et al., 2025) has shown that
RL from verifiable rewards (RLVR) (DeepSeek-Al
etal., 2025; Lambert et al., 2024) training can elicit
intriguing emergent reasoning behaviors, such as
extended reasoning chains and self-reflection.
Despite these impressive advances, LRMs
largely remain “black boxes”. Many fundamen-
tal questions remain unanswered, including: How
does the role of RL differ from that of super-

vised fine-tuning (SFT)? What structural proper-

ties define LRM reasoning, and what are the inter-

nal mechanisms that drive their unique behaviors?

Moreover, what are the root causes of unintended

behaviors, such as hallucinations, unfaithfulness,

and overthinking? This lack of transparency has
spurred a growing interest in mechanistic research,
aimed at uncovering the underlying processes that
enable these models to perform complex reasoning.

We provide a comprehensive survey of the bur-
geoning field of mechanistic research on LRMs.

From the perspective of the research object, as

shown in Figure 1, we organize work studying the

reasoning-oriented training process, LRM reason-
ing behaviors and LRM unintended behaviors:

1. Reasoning-Oriented Training Process (§2):
This section examines the mechanisms behind
the training processes that specifically target
reasoning capabilities. We begin by dissecting
the complementary roles of SFT and RL (§2.1),
and examine key training dynamics in RL, such
as how “aha moments” emerge and how internal
representations evolve during training (§2.2).

2. LRM Reasoning (§3): We delve into the mech-
anisms underlying LRM reasoning, analyzing
both their outputs and internal representations.
This section explores the general structural fea-
tures of LRM reasoning traces (§3.1), key be-
haviors like self-reflection (§3.2), and the inner
mechanisms underlying these behaviors (§3.3).

3. Unintended LRM Behaviors (§4): We further
examine the side effects of LRMs, exploring
behavioral patterns and internal mechanisms
associated with typical unintended behaviors,
such as hallucinations (§4.1), unfaithful chains
of thought (CoT) (§4.2), overthinking (§4.3),
and unsafety (§4.4).

Contribution and Uniqueness. Our survey dis-
tinguishes itself by focusing specifically on the
mechanistic understanding of LRMs, a topic that
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Figure 1: Taxonomy of mechanistic research on LRMs. We organize existing studies into three core dimensions:
reasoning-oriented training (Sec 2), reasoning mechanisms (Sec 3), and unintended behaviors (Sec 4). Within each
dimension, we synthesize recent findings based on the key research questions being investigated in the literature.

has received limited attention in existing literature.
While several surveys provide general overviews of
large reasoning models and RL techniques (Zhang
et al., 2025¢c; Li et al., 2025f; Zhang et al., 2025h;
Xu et al., 2025), these surveys do not delve deeply
into the underlying mechanisms driving LRM rea-
soning. In particular, Chen et al. (2025b) explores
long CoT reasoning but primarily focuses on the
behavioral characteristics of CoT outputs, with lit-
tle attention to the inner mechanisms. Furthermore,
there are surveys investigating methods to miti-
gate overthinking (Feng et al., 2025; Sui et al.,
2025), their focus is on efficient reasoning tech-
niques rather than the mechanisms behind over-
thinking. To the best of our knowledge, our work
is the first to comprehensively survey the mecha-
nisms of LRMs, offering a more detailed and in-
depth analysis of the training processes, reasoning
behaviors, and unintended outcomes.

2 Understanding LRM Training

Investigating how a reasoning model is trained into
existence is our first question. To understand LRM
training, we will first dissect the distinct roles of
two post-training methods, Supervised Fine-tuning
(SFT) and Reinforcement Learning (RL) (§2.1),
then dive into the training dynamics of RL (§2.2).

2.1 Roles of SFT and RL in Post-Training

DeepSeek-R1 (DeepSeek-Al et al., 2025) as a key
pioneer of the reasoning model, demonstrates RL’s

vital role in training reasoning models. However,
they also find that RL alone suffers from prob-
lems including slow training, unstructured formats,
and language mixing. They show that a cold-start
with SFT fixes these problems and improves per-
formance, establishing SFT+RL as the dominant
post-training recipe for today’s LRMs. Although
the SFT+RL paradigm is now widely used, the
respective roles of SFT and RL in post-training re-
main to be explored, and answering this question
would unravel many mysteries about LRM training.

SFT explores, RL compresses: do reasoning
models have capability boundaries? Despite
the huge success of LRMs, Yue et al. (2025) points
out that RLVR (Lambert et al., 2024) do not truly
enhance reasoning performance beyond base mod-
els, instead, they compress the model’s output
space, boosting pass@1. The base model’s pass
rate catches up in pass@k tests at large k values,
implying that the reasoning model merely uncovers
latent abilities already present in the base model.
Based on this finding, follow-up work probe deeper
and reveal that SFT is what truly expands the
model’s exploratory paths, whereas RL training
compresses them, cutting the variety of possible
answers and lowering output entropy (Matsutani
et al., 2025; Wu et al., 2025; Li et al., 2025b). Stud-
ies further conclude that the performance gains
from RLVR training come from this entropy drop,
imposing an entropy-linked ceiling on attainable
capability (Cui et al., 2025). From a mechanis-



tic perspective, Park et al. (2025) perform circuit
analyses to explain this phenomenon: during SFT
and distillation, the model sprouts a cohort of new
attention heads that inject reasoning capabilities,
whereas GRPO activates far fewer heads and fol-
lows an iterative activate-evaluate-adjust dynamic.

SFT learns, RL repairs: how much SFT cold-
start is appropriate? Under the above findings,
SFT appears to be the core contributor. However,
research shows that while SFT can learn and ex-
tend reasoning patterns, unlike RL, it also brings
out-of-distribution (OOD) performance drops (Chu
et al., 2025). Studies find that RL after SFT can
partly repair these side-effects and offer mechanis-
tic explanations. Hu et al. (2025a) argues, through
external analysis, that SFT partially breaks up the
sparse reasoning concept network and thereby in-
duces forgetting, yet the network structure remains
largely intact; RL can then restore a well-connected
concept network after SFT. Jin et al. (2025a,b) find
that RL can, yet only partially, recover the OOD
drop caused by SFT. Besides, OOD performance
is tightly linked to the orientation of the dominant
singular vector, and RL repairs the orientation shift
introduced by SFT, thereby restoring OOD accu-
racy. However, once SFT collapses into overfitting,
RL can no longer restore OOD ability completely.
Building on these findings, how to schedule SFT
and RL, whether to interleave them, and whether a
unified framework can be designed that fuses them
have become open research questions; we summa-
rize SFT-RL integration work in Appendix C.1.

SFT memories, RL organizes: how can we make
RL exhibit generalization? Although numerous
studies have concluded that RL does not truly en-
hance model capability, Liu et al. (2025a) shows
that post-RL models can produce new solutions
absent from the base model. How can these two
contradictory experimental conclusions be recon-
ciled? Recent work suggests that RL can push
the model’s capability frontier outward only when
SFT has provided basic skills. In controllable syn-
thetic reasoning tasks, RL conducted after SFT
with atomic-skill data exhibit OOD generalization ,
while RL conducted after SFT on entire reasoning
traces exhibits the same poor generalization results
seen in prior research.(Yuan et al., 2025; Cheng
et al., 2025b). Furthermore, these studies indicate
that RL shifts the model’s error patterns toward
atomic-task errors, implying that RL can indeed
help organize the model’s reasoning process.

Mid-training proposed by Wang et al. (2025f) ,
which finds that appropriate training before RL can
improve RL effectiveness, aligns with the above
conclusions. Zhang et al. (2025b) notes that the
core task of SFT is to prepare the model for RL by
providing foundational atomic skills, while post-
RL training refines the model’s performance within
the capability frontier established by SFT.

2.2 Understanding RL Training Dynamics

Studies above treat the RL-training stage as an un-
differentiated whole and explore its effects. The
finer-grained training dynamics within this stage
remain largely unexplored.

Understanding two-stage training process: how
does the Aha moment arise? After tracking
changes of RL training metrics, studies split the
training process into two stages (Wang et al.,
2025b; Hu et al., 2025a). Model outputs first shrink
in stage one then lengthen in stage two, alongside
atomic-skill fragments rapidly acquired in stage
one while the global planning links slowly built
in stage two. The aha moment emerges as the
model masters the use of planning tokens during
link construction manifesting as the sudden acquisi-
tion of reasoning and reflection capabilities needed
to solve the corresponding problems. Furthermore,
Yao et al. (2025a) offers a theoretical analysis of
this two-stage dynamics. During stage one, RL
overwhelmingly samples already-explored tokens
rather than optimal ones. High-reward tokens’
probabilities will quickly rise while the optimal
one’s remain flat. In stage two, with high-reward
tokens already saturated, the low-probability opti-
mal ones are finally sampled after prolonged explo-
ration and eventually receive high probabilities.

What internal effects does RL have on the
model? A line of research focuses on how RL
training affects the model internally. Regarding
internal activations, research shows that online
RL can alter activation magnitudes in the residual
stream, increasing information flow flexibility and
improving generalization beyond SFT (Zhang et al.,
2025d). Regarding model weights, building on the
previously identified effect that RL training mainly
manifests as directional rotation of the singular-
value vectors (Jin et al., 2025b), He and Cao (2025)
reveals through SVD methods that a near-uniform
geometric scaling of singular values across layers
and a highly consistent orthogonal transformations
are applied to the left and right singular vectors



of each matrix. More fine-grained studies of pa-
rameter dynamics during training have found that,
the top singular subspace of the parameter-update
matrix almost singly accounts for the gains in rea-
soning capability, and that this dominant subspace
evolves linearly (Cai et al., 2025b).

Externally, RL training shows a two-stage
pattern: basic capabilities are accumulated first,
then reasoning ability emerges. Internally, RL
modifies activation magnitudes and applies a
rank-1, layer-consistent, linear rotational trans-
formation to the dominant eigenvectors.

Exploitation v.s. exploration: how to make RL
stable and effective? During RL training, a core
issue is maintaining the exploration-exploitation
balance. Studies find that basic RL algorithms can
easily lead to policy entropy collapse, and the
performance gains in fact come solely from the
entropy drop (Cui et al., 2025). More critically,
Nguyen et al. (2025) shows that the reasoning path
compression caused by entropy collapse simulta-
neously degrades LRM performance on questions
outside the training distribution. To address entropy
collapse and stabilize RL, numerous refinements
have been proposed. Since they are loosely re-
lated to understanding RL training mechanisms,
we provide a concise summary in Appendix C.2.
Notably, Huang et al. (2025a) argues that conven-
tional RLVR views improving LLM performance
through an exploration—exploitation trade-off, rests
on token-level entropy and thus misaligns with how
LLMs actually operate. They propose measuring
exploration and exploitation via hidden states, un-
covering a decoupling of the two processes and
opening fresh avenues for refining RL algorithms.

At token level, the entropy collapse can
make RL training ineffective or even counter-
productive. Shifting to the hidden states per-
spective, we may instead jointly promote ex-
ploration and exploitation.

3 Understanding LRM Reasoning

Having explored how LRMs are trained, we shift
our focus to the models themselves, involving sys-
tematically analyzing both the general structures
(§3.1) and specific behaviors (§3.2) within rea-
soning traces, as well as uncovering the internal
mechanisms underlying these patterns (§3.3).

3.1 General Reasoning Structures

Distinct from base models, LRMs generate reason-
ing chains with identifiable structural features. Re-
cent research deconstruct these traces, from macro-
level lifecycle descriptions to granular sentence-
level analyses. At the macro level, Marjanovi¢ et al.
(2025) identifies a cyclical process: starting with
problem definition, models enter a blooming cycle
of problem decomposition, followed by iterative re-
construction cycles for self-correction before reach-
ing a final decision. Wang et al. (2025c¢) partitions
the reasoning process into functional blocks of plan
execution, knowledge integration, and subproblem
chains. These macro-phases are further refined by
sentence-level analyses: Bogdan et al. (2025); Li
et al. (2025¢) identify operational units including
plan generation, uncertainty management, and fur-
ther identify the transition matrix between them.

Topological structures. Another line of research
employs formal topological representations. Zeng
et al. (2025); Jiang et al. (2025b) reconstuct reason-
ing chains as trees structures via LLM annotations,
revealing that LRMs exhibit more exploration and
validation than base models, achieving better per-
formance primarily through diverse solution paths
rather than per-step accuracy. Minegishi et al.
(2025); Xiong et al. (2025) build graphs through
clustering over reasoning steps, further validating
that LRMs possess distinct structural properties
including more recurrent cycles, larger graph diam-
eters, and pronounced small-world characteristics,
which correlate with model size, task difficulty, and
performance.

LRMs’ reasoning structures are distinct
from base models, with analyses spanning
macro-level lifecycles, sentence-level opera-
tional units, and topological properties of tree
and graph representations.

3.2 Specific Reasoning Behaviors

After reviewing the overall reasoning structures,
we further study the intriguing specific behaviors
emerging in LRMs and whether they are causally
related to reasoning performance.

Critical behavioral primitives. Studies identify
certain behavioral patterns as the primary drivers of
reasoning performance gain. Bogdan et al. (2025)
identifies “thought anchors”, including plan gen-
eration and uncertainty management, as the sen-



tences most influential on the final answer distri-
bution. Complementing this, Gandhi et al. (2025)
highlights verification, backtracking, sub-goal set-
ting, and backward chaining as the “four habits” of
effective reasoners. Crucially, these behaviors are
causally linked to training success: base models
that naturally exhibit these patterns can effectively
leverage RL and test-time compute to improve per-
formance, whereas models lacking these primitives
struggle to benefit from identical training.

The role of self-reflection and backtracking.
Research on reflective behaviors offers contrasting
views. While some argue that reflection prevents
reasoning collapse (Yang et al., 2025a), others con-
tend that it is often superficial and fail to improve
outcomes (Liu et al., 2025¢). Bridging these views,
Kang et al. (2025) analyzes reflection from both
inference and training perspectives, suggesting that
while reflection during inference is largely confir-
matory and rarely alters the final output, includ-
ing reflective CoTs in training data increases the
“first-attempt accuracy”’, boosting the overall per-
formance. Moreover, Cai et al. (2025a) shows that
longer reasoning chains with frequent backtracking
lead to more stable RL training, and harder prob-
lems with larger search space need the inclusion of
data with more backtracks during SFT.

LRMs’ performance is driven by key behav-
ioral primitives. While self-reflection mainly
serves a confirmatory role during inference,
its inclusion in training data is crucial for im-
proving first-attempt accuracy and internaliz-
ing search strategies.

How does the problem complexity affect rea-
soning behaviors? Recent studies have uncov-
ered a tight coupling between model behavior and
task complexity. Yang et al. (2025a) observes
that LRMs can distinguish problem complexity
within their early layers and dynamically modulate
the depth of their reflective behaviors accordingly.
However, this calibration is often imperfect. Sho-
jaee et al. (2025) finds that while reasoning effort
initially increases with complexity, it eventually
declines even when a sufficient token budget is
available, suggesting a limitation in the models’
ability to apply consistent algorithmic reasoning
across scales. Furthermore, Palod et al. (2025) iden-
tifies that the correlation is brittle, demonstrating
that trace length often reflects a problem’s distri-

butional proximity to training data rather than its
inherent computational complexity. We will further
discuss the relationship between CoT length and
task complexity, reasoning performance in Sec 4.3.

3.3 Internal Mechanisms

After reviewing the general structures and specific
behaviors, we will then dive deeper into the internal
mechanisms driving these external patterns.

Internal representations of reasoning behav-
iors. Recent research utilizes sparse autoen-
coders (SAEs) and steering vectors to reveal that
reasoning behaviors are encoded as interpretable
and steerable directions in the model’s activation
space (Baek and Tegmark, 2025; Galichin et al.,
2025; Hazra et al., 2025; Venhoff et al., 2025b).
Venhoff et al. (2025a) argues that base models al-
ready possess fundamental reasoning capabilities,
while LRMs learn the structural strategy of when to
deploy them strategically. This deployment is man-
aged by specific attention heads that prioritize key
reasoning steps influencing the final answer (Bog-
dan et al., 2025; Zhang et al., 2025f). LRMs also
exhibit unique temporal and nonlinear dynamics:
steering is most effective only after the initial prob-
lem formulation phase, and “oversteering” these
features can paradoxically cause the model to revert
to its original behavior (Hazra et al., 2025).

The mechanisms underlying reflection and back-
tracking. Studies (Venhoff et al., 2025a; Yang
et al., 2025a) reveal through linear probes that cor-
rectness information of model answers is encoded
within specific layers, and is closely related to the
model’s reflection behaviors. Yan et al. (2025);
Chang et al. (2025) further extract steering vectors
that control reflection. Ward et al. (2025a) suggests
that latent directions for backtracking already ex-
ist in base models, implying that they inherently
possess certain reasoning abilities. Post-training
mainly reshapes and utilizes these existing repre-
sentations rather than learning from scratch.

Can we stimulate reasoning behaviors in
base models with small adapters? Sinii et al.
(2025b,a) have explored training hierarchical steer-
ing vectors to guide base models in reasoning,
showing that the performance improvements in-
duced by RL are distributed across the entire net-
work instead of certain specific layers. The re-
sulting steering vectors themselves exhibit strong
interpretability. Ward et al. (2025b) trains a rank-1



adapter across all layers and identifies interpretable
features in the adapter via SAEs, further demon-
strating that a small number of parameters can ef-
fectively induce reasoning abilities.

Do LRMs utilize more depth? Research sug-
gests that key layers for math reasoning are
largely fixed after pre-training and remain invariant
throughout post-training (Nepal et al., 2025). Con-
sequently, LRMs’ effective depth closely matches
that of their base models, indicating that improve-
ments are driven by longer contexts rather than
deeper per-token computation (Hu et al., 2025b).

LRM’s reasoning behaviors are represented
by interpretable and steerable directions in la-
tent space; base models inherently possess
these abilities, but RL-trained models learn
when to activate them.

4 Understanding LRM Failures

RL enhances reasoning capabilities but also in-
duces unintended effects, including hallucination
(§4.1), where models generate plausible yet incor-
rect content; CoT unfaithfulness (§4.2), where
internal computations and CoT outputs diverge;
overthinking (§4.3), where redundant reasoning
chains degrade performance; and unsafety (§4.4),
where models show potentially harmful behaviors.

4.1 Hallucination

Multi-step reasoning chains in LRMs introduces
new vulnerabilities to hallucinations.

Do reasoning models hallucinate more? Recent
evidence suggests that reasoning-oriented training
pipelines can substantially affect hallucination be-
havior. Yao et al. (2025¢) show that while com-
plete post-training pipelines which combine SFT
with RLVR can alleviate hallucination, incomplete
pipelines, such as RL- or SFT-only approaches,
tend to introduce more hallucinations. However,
Li and Ng (2025) indicates that RL often increases
hallucinations, even with prior SFT. Furthermore,
Zhao et al. (2025b) shows that test-time scaling
does not reliably improve factual accuracy.

Growing evidence suggests reasoning mod-
els hallucinate more. However, there are
debates whether models with complete post-
training pipelnes hallucinate more.

Behavioral and mechanistic analysis of halluci-
nation. Hallucinations are characterized by spe-
cific failure modes: flaw repetition (incorrect rea-
soning loops), think—answer mismatch (output
contradicting reasoning), and meta-cognitive fail-
ures (overconfidence from uninternalized knowl-
edge) (Yao et al., 2025c; Lu et al., 2025). Mecha-
nistically, they arise from misalignment between
uncertainty and factual accuracy (Yao et al., 2025c;
Sun et al., 2025b).

How does RL affect hallucination? A line of
work examines how RL shapes hallucination behav-
ior. RL systematically reduces a model’s tendency
to abstain, pushing it to generate answers even for
unanswerable questions (Song et al., 2025a; Zhao
et al., 2025b). Mechanistically, optimizing only for
sparse final-answer rewards creates high-variance
gradients and forces the model to maintain high
prediction entropy during exploration, driving the
model toward incorrect answers and exacerbating
hallucinations (Li and Ng, 2025).

4.2 Unfaithfulness

The extended reasoning chains in LRMs offer
a promising avenue for monitoring the model’s
decision-making process (Korbak et al., 2025;
Chan et al., 2025; Baker et al., 2025). However,
it remains an open question whether these CoTs
accurately reflect the internal computations driving
the model’s actual behavior, a key field of study
known as the faithfulness of CoT reasoning.

Contextual faithfulness of CoT in LRMs. Al-
though extended reasoning chains in LRMs facili-
tate process monitoring, research indicates they are
often not faithful to the inner computation or final
decision. A primary failure mode is Think-Answer
Mismatch, where the model’s final output contra-
dicts its own preceding reasoning chain (Yao et al.,
2025c; Wang et al., 2025d). Further analysis ex-
poses a reasoning-verbalization gap. Studies show
models frequently fail to verbalize critical cues in
their CoTs that demonstrably influence their an-
swers (Chua and Evans, 2025; Chen et al., 2025d).
Concurrently, models exhibit implicit post-hoc ra-
tionalization, producing logically contradictory re-
sponses with coherent but unfaithful justifications
(Arcuschin et al., 2025). The studies collectively
find that while LRMs are more faithful than their
non-reasoning backbones, the faithfulness is still
far from perfect (Chua and Evans, 2025; Chen et al.,
2025d; Arcuschin et al., 2025).



Mechanistic understanding of CoT faithfulness
in LRMs. Research further studies the mecha-
nisms of CoT unfaithfulness. In controlled syn-
thetic tasks, findings reveal a weak causal link be-
tween the validity of reasoning traces and final
answer correctness. Models can produce correct
outputs despite invalid or semantically irrelevant
CoTs, and training on corrupted traces does not
substantially harm performance (Valmeekam et al.,
2025). Further studies reinforce that internal repre-
sentations contain more reliable signals of model
state than the CoT text itself, as evidenced through
activation steering (Wang et al., 2025d; Li et al.,
2025a), linear probing (Yin et al., 2025; Chan et al.,
2025), and causal intervention (Yin et al., 2025).
These results collectively suggest a disconnect be-
tween the model’s internal states and its verbalized
reasoning trace, posing a significant challenge for
alignment, as models might learn to mask their true
objectives behind plausible but unfaithful reason-
ing traces, a phenomenon closely tied to the risks
of reward hacking discussed next.

Can we mitigate reward hacking by CoT mon-
itoring? Reward hacking remains a fundamen-
tal challenge in RL. A key question is whether
monitoring the detailed CoT produced by LRMs
can mitigate this issue. Findings on its feasibility
are mixed, with outcomes heavily dependent on
task structure. In complex tasks where hacking
inherently requires multi-step reasoning and exten-
sive exploration, models often expose their hack-
ing intent within their reasoning chains. In such
settings, integrating CoT supervision into the RL
objective can mitigate hacking, though excessive
optimization risks training models to strategically
hide their intent (Baker et al., 2025). Conversely, in
more direct scenarios, models frequently perform
reward hacking without verbalizing the intent in
their CoTs (Chen et al., 2025d; Turpin et al., 2025).
To address this opacity, recent methods attempt to
explicitly train models to verbalize influential cues
in their reasoning (Turpin et al., 2025).

LRMs are not always faithful, but they are
more faithful than non-reasoning models.

Mechanistically, CoTs in LRMs do not nec-
essarily function as a causal mechanism for
generating correct answers. Besides, internal
representations may provide more reliable sig-
nals than the verbalized reasoning.

While CoT monitoring can detect hacking
that requires explicit reasoning, models do not
often verbalize their hacking intent in more
direct settings.

4.3 Overthinking

While test-time scaling generally improves rea-
soning performance, studies increasingly find that
models can produce verbose, redundant reasoning
processes, and overly extending reasoning length
can lead to performance degradation, known as
“overthinking” (Chen et al., 2024; Sui et al., 2025).

Thinking more does not necessarily lead to bet-
ter reasoning. Empirical research consistently
identifies an inverse U-shaped performance curve:
accuracy initially rises with reasoning length, but
then peaks and declines as chains become exces-
sively long (Marjanovi¢ et al., 2025; Su et al,,
2025a; Ghosal et al., 2025; Yang et al., 2025b;
Gema et al., 2025). Notably, incorrect answers of-
ten correspond to longer reasoning chains than cor-
rect ones (Hassid et al., 2025; Su et al., 2025a). An
underlying issue is the misalignment between rea-
soning effort and problem difficulty: models tend
to allocate disproportionately long chains to sim-
ple problems while inadequately reasoning through
complex ones (Chen et al., 2024; Su et al., 2025a).

The length-performance curve for LRMs is
often inverted U-shaped, and current models
exhibit misalignment between reasoning effort
and problem difficulty.

What are the patterns of overthinking? A com-
mon abstraction of reasoning process is a three-
stage loop: 1) hypothesis generation (proposing
candidate paths), 2) expansion (developing one
path step by step), and 3) verification (checking,
revising, or terminating). Overthinking manifests
as control and termination failures within this loop.
In hypothesis generation, models may produce
lengthy and diverse candidate solutions without suf-
ficiently exploring promising paths to reach a cor-
rect solution (Wang et al., 2025¢), leading to “anal-
ysis paralysis” in agentic tasks where plans grow
increasingly complex without execution (Cuadron
et al., 2025). In expansion, the primary pattern
of overthinking is excessive reasoning for triv-
ial problems, generating tens or even hundreds
of times longer outputs than non-reasoning mod-



els with marginal performance gain (Chen et al.,
2024) . In verification, the dominant pattern is
non-termination: models fail to recognize that a
correct answer has been reached, or cannot reliably
validate intermediate conclusions, and therefore
continue redundant deliberation or backtrack un-
necessarily (Chen et al., 2024; Sun et al., 2025a;
Zhang et al., 2025¢e; Zhao et al., 2025a). This is es-
pecially pronounced in ill-posed questions, where
models identify missing premises early but enter
unproductive self-doubt loops, excessively specu-
lating on user intent (Fan et al., 2025). Notably,
this compulsion persists even when explicitly sup-
pressed: models may bypass instructions to “an-
swer directly” or discard provided correct answers
to resume thinking (Zhu et al., 2025; Liu et al.,
2025d; Cuesta-Ramirez et al., 2025).

What are the mechanisms of overthinking?
We organize the mechanistic analyses of overthink-
ing along two lines: 1) investigating the latent rep-
resentational structure of overthinking, and 2) ex-
amining the internal decision-making dynamics
that produce unproductive cycles. Research finds
that overthinking corresponds to specific, steer-
able patterns in the activation space. Huang et al.
(2025b); Baek and Tegmark (2025) identify distinct
manifolds associated with overthinking through
activation steering. Furthermore, finer-grained
taxonomies show that different reasoning stages,
such as execution, reflection and transition, occupy
separate latent directions, and steering towards
execution-type representations can effectively sup-
press excessive deliberation (Baek and Tegmark,
2025; Chen et al., 2025¢). Another body of re-
search explains overthinking through internal con-
flict and verification failure. Overthinking is often
triggered when a model’s initial intuitive answer
conflicts with its subsequent deliberate reasoning
(Dang et al., 2025). Concurrently, models encode
correctness signals in their hidden states but fail
to robustly utilize them for early self-verification,
leading to prolonged, unproductive cycles (Zhang
et al., 2025a).

4.4 Unsafety

Recent evaluations show that LRMs still have
safety shortcomings (Ying et al., 2025; Romero-
Arjona et al., 2025; Krishna et al., 2025).

LRMs are not safer than base models. Com-
pared to base models, Jiang et al. (2025a); Zhou
et al. (2025) find that long CoTs do not necessar-

ily improve model safety. Additionally, Zhang
et al. (2025j); Zhao et al. (2025c) observe that dis-
tilled reasoning models have a lower refusal rate for
harmful inputs than their base counterparts. These
studies further reveal that the unsafety of LRMs
partly stems from the thinking process. Jiang et al.
(2025a) show that forcing the model to shorten
their reasoning traces could make answers more
harmlessness, while Zhou et al. (2025); Zhao et al.
(2025c¢) find that the safety rate of the thinking
process is lower than the final answer, and unsafe
thoughts are the primary cause of unsafe responses.

Safety issues in the reasoning process. As
LRMs are deployed widely, researchers have
started identifying safety issues via attacking them.
Yao et al. (2025b) decomposes harmful prompts
into multiple seemingly harmless questions to in-
duce the model to reason toward harmful content.
Kuo et al. (2025) finds that padding the prompt with
detailed execution steps can hijack the thinking pro-
cess, causing the model to skip the reasoning stage
and directly produce harmful output. Mechanis-
tically, In et al. (2025) shows that LRMs already
possess sufficient safety knowledge, yet fail to acti-
vate it during reasoning. Besides, Mao et al. (2025)
indicates that LRMs retain the ability to refuse un-
safe queries, but this capacity has been impaired.

5 Future Research Directions

In this survey, we have provided a comprehensive
overview of the rapidly evolving field of mechanis-
tic research on LRMs, focusing on their training
processes, reasoning behaviors, and unintended
failures. While significant advances have been
made, the transition from descriptive analysis to
systematic understanding remains incomplete.

To guide the field toward a deeper, more princi-
pled understanding, we propose three key future di-
rections: applied interpretability, improved method-
ologies, and a unified theoretical framework. Ap-
plied interpretability is crucial for transforming
insights from mechanistic analyses into practical
improvements in model design and training. En-
hanced methodologies are needed to address the
scale and complexity of LRMs, enabling more ef-
ficient and generalizable mechanistic tools. Fi-
nally, a unified theoretical framework is necessary
to move beyond empirical observations and estab-
lish foundational principles of reasoning that can
predict and guide future model behaviors. In Ap-
pendix B, we discuss these directions in detail.



Limitations

While this survey provides a comprehensive
overview of mechanistic studies on LRMs, it is
subject to several limitations. First, the rapid devel-
opment of LRM research means that new findings
and methodologies continue to emerge, and this sur-
vey may not capture the most recent advancements
in the field. Additionally, our study focuses primar-
ily on language models, while reasoning models
are increasingly incorporating multimodal capabil-
ities, including visual components, which are not
addressed in this survey. Furthermore, our discus-
sion is limited to traditional LLM architectures, ex-
cluding newer approaches such as diffusion-based
LLMs, continuous token-based transformers, and
looped transformers, which are gaining traction in
recent research. These emerging models present
exciting avenues for future work.

Ethical Considerations

This survey acknowledges the ethical challenges
associated with LRMs, particularly in terms of their
potential harm, including hallucinations, unfaith-
fulness and unsafety. The opacity of these models
raises concerns about accountability and the diffi-
culty of mitigating unintended behaviors, such as
hallucinations or overconfidence. As LRMs are
increasingly used in critical applications, ensuring
their safe and responsible deployment requires on-
going efforts to improve interpretability, address
biases, and manage the broader societal impacts of
these technologies.

Al assistants were utilized for language polish-
ing and refinement, strictly limited to improving
the fluency and clarity the text. All technical con-
tent, analyses, and conclusions remain the original
work of the authors.
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A Taxonomy

We present the taxonomy of our paper in Figure 2.
We follow Figure 1 to organize the research of
various directions and list representative works ac-
cordingly.

B Future Directions

B.1 Applied Interpretability

Mechanistic interpretability (MI) research is in-
creasingly illuminating the internal logic of LRMs.
A crucial next step is to leverage these insights
for targeted improvements, moving from passive
understanding to active application.

Training-Time Applications. A promising di-
rection lies in using internal representations to di-
rectly inform RL algorithm design. Recent studies
demonstrate initial success in this area, such as
utilizing attention mechanisms to inform reward
shaping (Li et al., 2025¢) or policy sampling strate-
gies (Liu et al., 2025c¢), and decoding intermediate
layer activations to infer latent policies (Tan et al.,
2025). The overarching challenge is to systemati-
cally transform mechanistic insights into algorith-
mic improvements for RL components.

Inference-Time Applications. Mechanistic find-
ings can also be applied to steer model behavior
during inference. While existing work already uses
insights of reasoning structures or specific repre-
sentations to improve performance, deeper opportu-
nities remain. For instance, research suggests that
RL may not effectively leverage the full depth of
models (Hu et al., 2025b; Nepal et al., 2025). This
understanding should actively inform the design
of novel training algorithms and architectures that
better utilize internal computational pathways.

B.2 Advancing Interpretability Methodology

Future research should emphasize developing scal-
able and generalizable MI frameworks specifically
tailored for LRMs. First, the enormous scale
of LRMs in training cost, inference length, and
parameter count poses significant methodolog-
ical challenges. Conducting controlled experi-
ments to isolate variables is difficult, and tech-
niques like training SAEs become computationally
prohibitive, slowing progress and reducing repro-
ducibility. There is a clear need for more efficient
and scalable MI tools tailored to these models. Sec-
ond, many MI findings remain model-specific, fail-
ing to generalize across different architectures or
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SFT explores, RL compresses: do reasoning models have capability boundaries?: e.g., Limitations of

RLVR (Yue et al., 2025); Output’s variety and Entropy analysis(Matsutani et al., 2025; Wu et al., 2025;
Li et al., 2025b) Entropy-linked capacity ceiling(Cui et al., 2025); Circuit analyses(Park et al., 2025)

1

Understanding Roles of SFT and RL SFT learns; RL repairs: how much SFT cold-start is appropriate?: e.g., SFT causes OOD performance
LRM Training § 2 in Post-Training § 2.1 drops(Chu et al., 2025); Concept network(Hu et al., 2025a); SVD on parameters(Jin et al., 2025a,b)

SFT memories; RL organizes: how can we make RL exhibit generalization?: e.g., RL is ef-
fective upon atomic skills(Yuan et al., 2025; Cheng et al., 2025b; Zhang et al., 2025b)

Understanding two-stage training process: how does the Aha moment arise?:

— e.g., Token level analysis (Wang et al., 2025b); Output length and re-
ward analysis(Hu et al., 2025a); Theoretical explanation (Yao et al., 2025a)

Understanding What internal effects does RL have on the model?: e.g., RL enhances activation inten-
RL Training — sity and diversity (Zhang et al., 2025d); RL applies a layer-consistent (He and Cao, 2025),
Dynamics § 2.2 rank-1 and linear (Cai et al., 2025b)rotational transform to the dominant eigenvectors

Exploitation v.s. exploration: how to make RL stable and effective?: e.g., Pol-

= icy entropy collapse (Cui et al., 2025); RL’s side effects on OOD questions
(Nguyen et al., 2025); Shifting to the hidden-state perspective (Huang et al., 2025a)

Macroscopic Behavior-Level Analysis: e.g., cyclical process (Marjanovi¢ et al., 2025); functional

blocks (Wang et al., 2025c); operational units (Bogdan et al., 2025; Li et al., 2025c); tree struc-
tures (Zeng et al., 2025; Jiang et al., 2025b); reasoning graphs (Minegishi et al., 2025; Xiong et al., 2025)

Critical behavioral primitives.: e.g., thought anchors (Bog-
dan et al., 2025), effective reasoners (Gandhi et al., 2025)

Understanding " : , The role of self-reflection and backtracking.: e.g., reflection prevents reasoning col-
Understanding LRM fic R
{ “Rﬁ':;si;i:;% 3 }{ Sl;e;asior:agoslzng ]‘* lapse (Yang et al., 2025a); reflection fails to improve outcomes (Liu et al., 2025e);

first-attempt accuracy (Kang et al., 2025); reflection frequency (Cai et al., 2025a)

Reasoning
Models

How does the problem complexity affect ing behaviors?: e.g., distin-

= guish problem complexity (Yang et al., 2025a); Inconsistent algorithmic
scaling (Shojaee et al., 2025); Brittle data correlation (Palod et al., 2025)

Internal repr ions of ing behaviors.: e.g., base models possess reasoning capabili-
ties (Venhoff et al., 2025a); critical reasoning steps (Bogdan et al., 2025; Zhang et al., 2025f)
The mechanisms underlying reflection and backtracking.: e.g., correctness infor-
Internal Mech- - 5
anisms § 3.3 — mation (Venhoff et al., 2025a; Yang et al., 2025a); steering vectors (Yan et al.,
- 2025; Chang et al., 2025); backtracking in base model (Ward et al., 2025a)

Can we stimulate reasoning behaviors in base models with small adapters?: e.g., guide
base models in reasoning (Sinii et al., 2025b,a); rank-1 adapter (Ward et al., 2025b)

Do LRMs utilize more depth?: e.g., key layers for mathematical rea-
soning (Nepal et al., 2025); LRMs’ effective depth (Hu et al., 2025b)

Do reasoning models hallucinate more?: e.g., FactEval (Yao et al.,
2025¢); FSPO (Li and Ng, 2025); Test-Time Scaling (Zhao et al., 2025b)

Hallucination § 4.1 Behavioral and mechanistic analysis of hallucination. : e.g., FactEval (Yao et al., 2025c); Meta-
I & Cognitive Hallucinations (Lu et al., 2025); Reasoning Hallucination Detection (Sun et al., 2025b)

How does RL affect hallucination?: e.g., the Hallucination Tax (Song et al.,
2025a); Test-Time Scaling (Zhao et al., 2025b); FSPO (Li and Ng, 2025)

I

Contextual Faithfulness of CoT in LRMs: e.g., FactEval (Yao et al., 2025c); Cue In-
— sertion (Chua and Evans, 2025); Don’t Say What They Think (Chen et al., 2025d);
unfaithful CoT (Arcuschin et al., 2025); Strategic Deception (Wang et al., 2025d)

Special Behav-

Mechanistic Understanding of CoT Faithfulness in LRMs: e.g., Reasonless In-

iors Other Than CoT faithfulness § 4.2 —— termediate Tokens (Valmeekam et al., 2025); Strategic Deception (Wang et al.,

Reasoning § 4 2025d); Alignment Prediction (Chan et al., 2025); Refusal Cliff (Yin et al., 2025)

Can We Mitigate Reward Hacking by Monitoring Chain of Thought?: e.g., CoT Monitor (Baker et al.,
2025); Don’t Say What They Think (Chen et al., 2025d); Verbalization Fine-Tuning (Turpin et al., 2025)

Thinking More Does Not Necessarily Lead to Better Reasoning: e.g., R1 Thoughtology (Marjanovi¢
et al., 2025); Between Underthinking and Overthinking (Su et al., 2025a); Does Thinking More Al-

ways Help? (Ghosal et al., 2025); Short-m@k (Hassid et al., 2025); Thinking-Optimal Scaling (Yang
et al., 2025b); Do NOT Think That Much (Chen et al., 2024); Inverse Scaling (Gema et al., 2025)

What are the patterns of overthinking?: e.g., Underthinking (Wang et al., 2025e); Reasoning-
Action Dilemma (Cuadron et al., 2025); Do NOT Think That Much (Chen et al., 2024), RE-

Overthinking § 4.3 — FRAIN (Sun et al., 2025a), Adaptthink (Zhang et al., 2025¢), Self-Braking Tuning (Zhao

et al., 2025a); MiP (Fan et al., 2025); Behavioral Divergence (Zhu et al., 2025); Thought
Manipulation (Liu et al., 2025d), Disregard Correct Solutions (Cuesta-Ramirez et al., 2025)

What are the mechanisms of overthinking?: e.g., Manifold Steering (Huang et al.,
= 2025b); Representation (Baek and Tegmark, 2025); SEAL (Chen et al., 2025c); In-
ternal Bias (Dang et al., 2025); Self-Verification Probing (Zhang et al., 2025a)

Unsafety § 4.4 LRMs are not safer than base models.: e.g., Safety Evaluation (Jiang et al., 2025a; Zhou
Y . et al., 2025; Zhang et al., 2025j); Analysis of Deliberative Capabilities (Zhao et al., 2025¢);

Safety issues in the reasoning process.: e.g., Harmful Prompts Decomposition Attack (Yao et al., 2025b);
H-Cot (Kuo et al., 2025); R1-ACT (In et al., 2025); When Models Outthink Their Safety (Mao et al., 2025)

Figure 2: Taxonomy of our paper and representative works for each direction.
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training runs. To enhance scientific value, the field
should strive for general frameworks that abstract
away implementation details and uncover universal
reasoning principles. This could involve establish-
ing benchmarks for mechanistic generalization, de-
veloping theory-grounded methods less sensitive to
model quirks, or building more robust interpretabil-
ity probes.

B.3 Toward A Unified Theory

Current mechanistic research has produced a
wealth of empirical findings—model-specific pat-
terns, dataset-specific behaviors, and localized ex-
planations for special phenomena. Yet it lacks a
predictive, fundamental science of reasoning in
LRMs. Such a theory should be fundamental, ab-
stracting from implementation to reveal first prin-
ciples governing reasoning. Early efforts, such as
theoretically formalizing laws of reasoning (Zhang
et al., 2025g) that link task complexity to model be-
havior, mark a step in this direction. Furthermore, a
mature theory should be predictive. Similar to scal-
ing laws in LLM pre-training (Kaplan et al., 2020),
it should forecast model behaviors and to establish
a set of “laws of reasoning” that not only explain
existing empirical results but also actively guide
the design of future models, training algorithms,
and evaluation frameworks, transforming MI from
a descriptive tool into a foundational science.

C Training Methods

C.1 Combine SFT with RL

Running SFT and RL as two separate steps will
let the bias introduced by SFT grow too large and
degrade final performance. Therefore, some stud-
ies attempt to combine the two approaches into a
unified single post-training step.

Some explorations primarily focused on inter-
leaving the SFT and RL processes and on identi-
fying appropriate switching points between them.
Based on their research into RL training dynamics,
Hu et al. (2025a) proposed the Annealed-RLVR
algorithm, which introduces SFT for heating when
accuracy is very low to disrupt the current subopti-
mal state, then continues RL to perform annealing.
Ma et al. (2025) observes that RL excels at easy
questions while SFT is better suited to hard ones;
their ReLIFT pipeline automatically flags the hard
instances during RL, collects corresponding expert
demonstrations, and inserts an SFT update once
enough difficult question—answer pairs have been
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accumulated. TRAPO (Su et al., 2025b) interleaves
SFT and RL within every training instance and sets
up a mechanism that dynamically supplies expert-
guided prefixes. SFT in TRAPO is constrained by
trust-region gradient clipping to avoid distribution-
blending.

Further more, some studies aim to fuse the loss
functions of RL and SFT to achieve a truly unified
post-training approach. UFT (Liu et al., 2025b)
introduces an additional log-likelihood term to the
objective function of RFT(RL Fine-Tuning), al-
lowing the model to learn from the informative
supervision signal and still benefit from the gen-
eralization of RFT. HPT (Lv et al., 2025) defines
the total loss as a weighted sum of the SFT and RL
losses and dynamically adjusts the weights of SFT
and RL based on real-time performance. CHORD
(Zhang et al., 20251) treats SFT as a dynamically-
weighted auxiliary objective within the RL process
and introduces a token-level weighting function
that up-weights the SFT component only when the
model is uncertain about the answer. Going further,
SRFT (Fu et al., 2025) incorporates demonstration
data into the RL training set and constructs the fi-
nal loss as the entropy-weighted sum of four terms:
SFT loss on demonstrations, RL loss on demonstra-
tions, and RL loss on positive (entropy-weighted)
and negative (without weighting) sampled rollouts.
BRIDGE (Chen et al., 2025a) attaches LoRA fine-
tuning blocks to the model architecture and for-
mulates the post-training procedure as a bi-level
optimization: SFT refines the model starting from
the parameter optimum found by RL, optimizing
solely over the LoRA weights, with an appropri-
ate transformation eliminates the need for second-
order gradients.

C.2 RL balancing exploration and
exploitation

To address entropy collapse and balance explo-
ration and exploitation for stable RL training, nu-
merous studies have proposed solutions. DAPO
(Yu et al., 2025) decouples the clipping bounds
of PPO into e-high and e-low, raising e-high to
leave more head-room for boosting the probabili-
ties of low-probability “exploratory” tokens. (Cui
et al., 2025) shows that the entropy change is gov-
erned by the covariance between the “action log-
probabilities” and the “changes in action logits”;
tokens with high covariance are the main drivers
of entropy collapse. To counter this, they propose
Clip-Cov which randomly truncates the gradients of



high-covariance tokens, and KL-Cov which adds an
extra KL-penalty to those tokens.ProRL(Liu et al.,
2025a) adopts the Decoupled Clip technique from
DAPO, and further equips the pipeline with KL
regularization plus periodic reference-policy resets
to avert entropy collapse, enabling effective RL
training that continues for thousands of steps.

More recent studies have moved beyond simple
clipping and experimented with additional mecha-
nisms to further arrest entropy collapse. CURE(Li
et al., 2025d) shows that the prevailing RLVR
pipeline relies on sampling from a fixed initial state,
biasing the model toward overly deterministic be-
havior and low diversity. They introduce a two-
stage scheme to balance exploration and exploita-
tion: in stage one they identify high-entropy tokens,
truncate at those tokens, and then sample multiple
continuations that are all used for updating, thereby
intensifying exploration around high-entropy re-
gions; in stage two they revert to the ordinary static-
sampling DAPO routine. Similarly, Nguyen et al.
(2025) advocates sampling problems that the base
model still handles poorly, rather than repeatedly
drawing those it already solves well.Song et al.
(2025b) encourages historical exploration of rare
answers through UCB-style rewards and fosters
batch exploration at test time by penalizing dupli-
cate answers within each batch.

Naive entropy regularization performs poorly
when training reasoning models. Several works
have designed regularization methods specifically
tailored to reasoning models. Cheng et al. (2025a)
injects a clipped, gradient-detached entropy term
into the advantage function to encourage longer
chains-of-thought. Wang et al. (2025a) stabilizes
policy entropy by combining Policy-Gradient, Dis-
tribution, and Reinforce signals into a composite
regularizer. Shen (2025); Jiang et al. (2025¢) com-
pute entropy only over the top-p tokens and adap-
tively rescale it for entropy regularization; the lat-
ter research further shows that regularizing those
high-entropy tokens only can improve model per-
formance.
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