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ABSTRACT

The rapid advancements in large Language models (LLMs)

have significantly enhanced their reasoning capabilities, driven

by various strategies such as multi-agent collaboration. How-
ever, unlike the well-established performance improvements
achieved through scaling data and model size, the scaling
of reasoning in LLMs is more complex and can even nega-
tively impact reasoning performance, introducing new chal-
lenges in model alignment and robustness. In this survey,
we provide a comprehensive examination of scaling in LLM
reasoning, categorizing it into multiple dimensions and an-
alyzing how and to what extent different scaling strategies
contribute to improving reasoning capabilities. We begin by
exploring scaling in input size, which enables LLMs to pro-
cess and utilize a more extensive context for improved rea-
soning. Next, we analyze scaling in reasoning steps that im-
prove multi-step inference and logical consistency. We then
examine scaling in reasoning rounds, where iterative inter-
actions refine reasoning outcomes. Furthermore, we discuss
scaling in training-enabled reasoning, focusing on optimiza-
tion through iterative model improvement. Finally, we out-
line future directions for further advancing LLM reasoning.
By synthesizing these diverse perspectives, this survey aims
to provide insights into how scaling strategies fundamen-
tally enhance the reasoning capabilities of LLMs and further
guide the development of next-generation Al systems.

1. INTRODUCTION

Large Language Models (LLMs) have evolved rapidly, demon-
strating remarkable advancements across various natural lan-
guage processing (NLP) tasks, including text generation,
comprehension, and problem-solving [66; 154; 214; 216; 215;
65]. One of the key driving forces behind these improve-
ments is scaling, where increasing the size of training data
and model parameters has led to substantial performance
gains [86; 69; 193|. Scaling has played a pivotal role in
the development of state-of-the-art LLMs such as GPT-
4 [134], and Gemini [176], enabling them to generalize across
a broad range of tasks with unprecedented accuracy and flu-
ency [184]. The empirical success of scaling laws has rein-
forced the notion that simply increasing model size and data
availability can significantly enhance LLM capabilities [25;
130; 31]. However, while such scaling strategies have led to
more powerful models, they do not fully explain improve-

ments in complex reasoning tasks, which require structured
thinking and logical consistency [40; 155; 47].

Notably, unlike simpler tasks that rely on memorization or
direct retrieval of information, reasoning demands deeper
cognitive-like processes, including step-by-step deductions,
counterfactual reasoning, and planning [142; 83]. While
early LLMs exhibited shallow reasoning abilities [11; 117],
recent advancements have introduced techniques aimed at
enhancing LLM reasoning performance through various strate-
gies [33; 54; 164]. For instance, sl [131] explicitly extends
the reasoning length, enabling models to engage in deeper,
iterative reasoning that can identify and correct errors in
previous inference steps. However, scaling reasoning length
does not always guarantee improved performance—simply
increasing the number of reasoning steps may introduce re-
dundancy, compounding errors, or even diminished accu-
racy [149; 73; 125; 204; 18; 220]. This highlights the complex
and non-trivial nature of scaling in reasoning, necessitating
a deeper investigation into how different scaling strategies
influence LLM reasoning effectiveness and when they yield
diminishing returns. In this survey, we use reasoning to refer
to tasks in which the model must perform nontrivial trans-
formation over information, such as multi-step deduction or
iterative refinement, rather than merely retrieve or fluently
generate content. Under this view, not every improvement
in general LLM capability should be interpreted as a rea-
soning improvement. For example, larger context windows,
retrieval, or memory may improve performance simply by
supplying missing evidence, while their reasoning benefit is
most meaningful when that evidence must be integrated in
a multi-step decision process. Conversely, these strategies
may offer limited gains on tasks dominated by direct fac-
tual recall or shallow pattern matching. Throughout this
survey, we focus on scaling strategies that strengthen rea-
soning behavior and highlight the task settings and failure
modes under which their gains may diminish.

Several recent surveys have covered adjacent areas, including
test-time scaling, general LLM reasoning, and post-training
scaling [233; 71; 84]. However, these works typically empha-
size a particular stage of scaling, a specific reasoning regime,
or a broader architectural view of reasoning systems. More
generally, existing surveys often organize reasoning meth-
ods by technique families (e.g., RAG, CoT, multi-agent sys-
tems, and RL). In contrast, our survey focuses on a different
question: how different forms of scaling specifically influence
reasoning. We organize the literature by what form of com-
putation or information is scaled at inference or training
time, which enables a unified comparison of otherwise dis-



Survey

Scope

Organizing lens

Trade-offs

Main emphasis

Zhang et al. [233] Test-time scaling What, how, where, and Yes Taxonomy, assessment, and
how well to scale deployment guidance for test-

time scaling.

Ke et al. [71] LLM reasoning Regimes and architec- Partial Broad survey of inference
tures, with input/output scaling, learning to reason,
perspectives and agentic systems.

Lai et al. [84] Post-training scaling  SFT, RLzF, and TTC in Partial Scaling after pre-training, es-
post-training pecially alignment and post-

training methodologies.

Ours Scaling in LLM rea- Input sizes, reason- Yes Reasoning-centric syn-

soning ing steps, reasoning thesis across scaling
rounds, and training- dimensions, with unified
enabled reasoning comparison of gains,
costs, and failure modes.
Table 1: Comparison with closely related recent surveys. Prior work focuses on test-time scaling, general reasoning

regimes/architectures, or post-training scaling, while our survey emphasizes a unified, reasoning-centric view across mul-

tiple scaling dimensions.

Dimension What is scaled

Main benefit

External informa- Better
tion / context /

demonstrations

Input sizes
adaptation

Intermediate rea-
soning depth

Reasoning steps

cation
Reasoning rounds Interaction Critique, diver-
rounds across  sity, iterative re-
agents/humans finement
Model optimization Internal reason- Stronger amor-
ing via optimiza- tized reasoning
tion / latent
computation

ground-
ing and task

Better decompo-
sition and verifi-

Main cost Typical failure Best-fit tasks
mode
Retrieval and Irrelevant context, Knowledge-
long-context distraction, lost-in- intensive QA,
cost the-middle long-context
tasks
Higher token and  Overthinking, Math, logic,
search cost compounding er- planning
rors
Coordination Redundancy, pre- Open-ended
and latency mature consensus, reasoning,
overhead noisy debate collaborative
decision-
making
Training  com- Underthinking, High-value

pute and data overthinking, and domains with

cost compute-scaling reusable  rea-
saturation soning im-
provements

Table 2: Cross-dimensional comparison of scaling strategies for LLM reasoning.

connected lines of work in terms of their reasoning gains,
costs, limitations, and characteristic failure modes. Specif-
ically, we categorize reasoning scaling into four dimensions.
We first discuss input scaling, which expands the external
information available to the model through larger contexts,
retrieval, demonstrations, or memory. We then examine rea-
soning step scaling, which allocates more intermediate com-
putation to decomposition, verification, and search. Next,
we study reasoning round scaling, in which LLMs itera-
tively refine their outputs through interaction, such as multi-
agent collaboration, debate, and human-in-the-loop feed-
back. Finally, we consider training-enabled reasoning, which
improves reasoning by internalizing stronger reasoning be-
haviors through optimization. Table 1 compares our survey
with prior surveys, and Table 2 summarizes the core trade-
offs across these four scaling dimensions, including what is
scaled, their main benefits and costs, typical failure modes,
and the task settings for which they are best suited.

Table 2 summarizes the core trade-offs across these four scal-
ing dimensions, including what is scaled, their main benefits
and costs, typical failure modes, and the task settings for
which they are best suited. Although these dimensions are
often studied separately, they differ systematically in where

computation is allocated, what benefits they provide, and
what limitations they introduce. The following sections ex-
amine each dimension in detail.

By systematically reviewing the scaling of reasoning in LLMs,
this survey aims to bridge the gap between empirical scal-
ing strategies and reasoning improvements. Beyond summa-
rizing representative methods, we seek to clarify when and
why scaling improves reasoning, where its returns dimin-
ish, and what new challenges it introduces. We hope this
survey serves as a useful resource for both researchers and
practitioners seeking effective, efficient, and reliable ways to
advance LLM reasoning.

2. SCALING IN INPUT SIZES

Scaling input sizes expands the amount of information avail-
able to an LLM during reasoning, rather than increasing the
depth of reasoning itself. This dimension improves perfor-
mance by supplying richer contextual evidence, including
demonstrations, retrieved documents, and persistent mem-
ory, which can enhance grounding, task adaptation, and
long-horizon consistency. Its central trade-off is that addi-
tional context often improves coverage and robustness, but
also increases retrieval overhead, long-context computation,
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and the risk of distraction from irrelevant or poorly orga-
nized information. In this section, we examine three ma-
jor strategies for input scaling—ICL, RAG, and memory-
augmented LLMs—and analyze how they improve reasoning
performance as well as the bottlenecks they introduce.

2.1 In-Context Learning

In-Context Learning (ICL) enables LLMs to adapt to new
tasks without parameter updates by conditioning on demon-
strations provided in the input prompt. Various algorithms
have been developed to improve ICL performance by opti-
mizing demonstration selection [186; 151; 222; 26], order-
ing [110; 105], and formatting [179; 109; 77]. More broadly,
ICL illustrates a core form of input scaling: increasing the
amount of task-relevant context so that the model can better
infer the desired behavior from examples alone. Research
has shown that model performance often improves as the
number of in-context examples increases [1; 126; 11; 117].
However, traditional ICL methods remain constrained by
the maximum input context length, which has historically
limited them to the few-shot regime [38]. Although some
works, such as SAICL [12], modify the attention structure
to scale ICL to hundreds of demonstrations [93; 94; 55], they
do not fully explore the broader benefits and challenges of
operating with substantially larger demonstration sets.

With the expansion of context windows, researchers have
increasingly investigated many-shot ICL, in which models
leverage hundreds or even thousands of demonstrations [7;
2]. Scaling from few-shot to many-shot ICL has yielded sub-
stantial gains across a wide range of generative and discrimi-
native tasks [169; 245; 140]. However, these gains are not un-

bounded: as the number of in-context demonstrations con-
tinues to grow, performance often plateaus and can even de-
cline. This highlights a key limitation of input scaling: more
context is only useful when the added information remains
relevant, diverse, and well organized. To address these chal-
lenges, several methods have been proposed to improve the
effectiveness and robustness of many-shot ICL [5; 234; 180].
For example, DrICL [234] adjusts demonstration weights us-
ing reinforcement-learning-inspired cumulative advantages
to improve generalization, while BRIDGE [180] identifies
a subset of influential examples and uses them to generate
additional high-quality demonstrations.

2.2 Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) has become a widely
adopted strategy to address the limitations of LLMs, such
as hallucinations and restricted generalization to concepts
beyond their training data [66; 70; 53; 88]. By incorporat-
ing retrieved external information, RAG enhances factual
grounding and expands the model’s accessible knowledge
base. However, traditional RAG operates on short retrieval
units, requiring the retriever to scan a massive document
corpus to find relevant passages [147; 213; 15]. This ap-
proach is constrained by input context length limitations,
making long-context RAG a challenge. A common strat-
egy is document chunking [154; 214], where LLMs retrieve
relevant chunks instead of full documents. However, defin-
ing optimal chunk boundaries is difficult, often leading to
semantic incoherence and contextual loss, which degrade re-
trieval effectiveness [97]. Recent advances in long-context
LLMs allow models to process millions of tokens [176]. Inte-
grating RAG with long-context LLMs enables the processing
of extended contexts while reducing semantic incoherence in
chunked retrieval [96; 216; 215].

As input length increases, the burden on retrieval systems
grows. LongRAG [65] mitigates this by grouping related
documents, reducing the number of retrieval operations while
maintaining relevance. ReComp [214] addresses this chal-
lenge by compressing retrieved documents into textual sum-
maries before in-context integration, ensuring information
remains concise yet informative. Despite these improve-
ments, a key challenge known as "lost-in-the-middle" bias
arises [108], where LLMSs assign less importance to passages
in the middle of a retrieved context. MOI [86] counters this
bias by aggregating inference calls from permuted retrieval
orders, ensuring a more balanced weighting across the re-
trieved information.

Another dimension of scaling RAG involves expanding the



amount of data available at inference time [181; 8; 182; 144].
Shao et al. [160] find that increasing datastore size monoton-
ically improves performance across various language model-
ing and downstream tasks without clear saturation. Their
MASSIVEDS datastore, containing trillions of tokens, is de-
signed to support large-scale retrieval efficiently. Further,
Yue et al. [229] explore inference-time scaling, showing that
allocating more retrieval computation leads to nearly linear
performance gains when optimally distributed. Their work
introduces a predictive model for optimizing retrieval pa-
rameters under computational constraints. Together, these
findings suggest that input scaling in RAG is effective not
only through longer contexts, but also through larger and
more searchable external knowledge stores.

2.3 Memory-Augmented LLMs

Scaling reasoning capabilities of LLMs often necessitates ex-
tending their effective context beyond the limited token win-
dows supported by existing architectures [187]. Although
increasing context length allows LLMs to process longer
sequences, such scaling alone quickly encounters computa-
tional bottlenecks and diminishing returns due to quadratic
complexity in attention mechanisms [44]. Moreover, even
very long-context models struggle to efficiently capture and
retrieve critical historical information from past interactions,
leading to degraded reasoning performance over extended
contexts [45]. To address these limitations, memory aug-
mentation strategies have emerged, enabling LLMs to per-
sistently store, manage, and dynamically retrieve relevant
contextual information. Current memory augmentation ap-
proaches typically follow two directions: internal architec-
tural modifications to enhance the model’s inherent memory
capabilities and external memory mechanisms that extend
the model context through additional memory components.
Architectural adaptations focus on internalizing long-term
dependencies within the model itself. This includes tech-
niques such as augmenting attention mechanisms to bet-
ter capture extended context [104; 114], refining key-value
cache mechanisms to optimize retrieval efficiency over long
sequences [95; 111], and modifying positional encodings to
enhance length generalization [236; 237]. While effective,
these modifications require direct intervention in the model’s
structure, making them impractical for proprietary or black-
box API-based LLMs.

An alternative approach is the integration of external mem-
ory modules to supplement the model’s limited native con-
text window. Summarization-based methods [115; 185; 122;
188] condense past interactions into structured representa-
tions that can be efficiently retrieved during inference. How-
ever, fixed-granularity summarization risks fragmenting the
discourse, leading to incoherent retrieval. To address this,
recent advancements incorporate dynamic memory mecha-
nisms that adaptively refine stored information. RMM [173]
exemplifies this strategy by leveraging retrospective reflec-
tion to improve retrieval selection, ensuring that the model
accesses the most relevant and contextually cohesive knowl-
edge. Scaling memory-augmented LLMs requires balanc-
ing efficiency with contextual fidelity. A key challenge is
mitigating memory saturation, where excessive storage of
past interactions results in retrieval inefficiencies. Tech-
niques such as hierarchical memory organization [160] and
retrieval-conditioned compression [214] help alleviate this
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Figure 3: Scaling in LLM reasoning steps.

issue by structuring and filtering stored context dynami-
cally. As research progresses, the convergence of retrieval-
augmented memory with scalable long-context architectures
offers a promising avenue for enabling LLMs to maintain
reasoning consistency over prolonged interactions.

Overall, input scaling improves reasoning primarily by en-
riching the information available to the model, rather than
by increasing the depth of intermediate reasoning or the
amount of interactive refinement. This makes it especially
effective for knowledge-intensive QA, long-context under-
standing, and conversational settings that depend on ground-
ing in demonstrations, retrieved evidence, or prior interac-
tions. At the same time, its gains are constrained by con-
text quality, retrieval precision, and the model’s ability to
use long inputs effectively. Compared with later dimensions
such as reasoning steps and reasoning rounds, the main bot-
tleneck of input scaling is not insufficient inference depth,
but whether the added context is relevant, well-structured,
and accessible at the right time.

3. SCALING IN REASONING STEPS

Scaling reasoning steps increases the amount of intermediate
computation allocated to solving a problem. Unlike input
scaling, which improves reasoning by supplying more contex-
tual information, this dimension improves performance by
encouraging models to decompose problems, explore candi-
date solution paths, iteratively refine intermediate outputs,
and verify correctness before committing to an answer. Such
additional reasoning depth can substantially improve logical
consistency and problem-solving ability, especially on tasks
requiring structured multi-step inference. However, it also
introduces important trade-offs, including higher token and
search costs, longer latency, and the risk that additional
reasoning may am: Chain-of-Thought prompting and meta-
reasoning techniques, and discuss both their benefits and
strategies to mitigate the challenges that arise from deeper
reasoning processes.

3.1 Chain-of-Thought

Chain-of-Thought (CoT) prompting has emerged as a key
technique for improving the reasoning capabilities of LLMs
by eliciting explicit step-by-step deliberation, either through
zero-shot prompting [79] or few-shot demonstrations [194].
More broadly, CoT represents a direct form of step scaling:
rather than supplying the model with more external infor-



mation, it allocates more inference-time computation to con-
structing intermediate reasoning traces. Since LLMs operate
probabilistically [61; 82], greedy decoding does not always
yield the best reasoning path or final answer [190]. To mit-
igate this limitation, repeated sampling approaches such as
self-consistency [189] and Best-of-N [132; 10| generate mul-
tiple reasoning chains in parallel and then select the final
answer based on criteria such as majority agreement, exter-
nal reward models, or auxiliary verifiers. They improve ro-
bustness by exploring multiple candidate trajectories, while
introducing substantial computational overhead.

Although simple parallel sampling is computationally straight-

forward, it remains inefficient and suboptimal by randomly
allocating the test-time computation budget to less promis-
ing branches [203; 168]. To mitigate this issue, researchers
have explored strategies that prioritize promising reasoning
paths or intermediate steps over less viable alternatives to
effectively prune the search space by applying tree search-
enabled reasoning [189; 221; 133; 113; 159; 127; 75] Gener-
ally, it structures the reasoning process as a branching tree,
where each node represents a discrete thinking step, and
branches correspond to different potential solution paths.
Like CoT which organizes reasoning in a hierarchical man-
ner, tree search-enabled reasoning enables LLMs to decom-
pose intricate problems into manageable components. How-
ever, LLM reasoning with tree search can maintain aware-
ness of multiple hypothesis threads simultaneously and sys-
tematically explore the solution space through different search
algorithms (e.g., BFS or DFS), making it more powerful for
handling complex problems.

The pioneering work CoT-SC [189] extends CoT to the tree
structure, where multiple CoTs originate from the same ini-
tial (root) prompt, forming a “tree of chains”. The chain
that provides the best outcome to the initial question, is se-
lected as the final answer. Skeleton-of-Thought (SoT) [133]
instead effectively harnesses a tree with a specific level of
depth. It performs reasoning through a divide-and-conquer
manner, which significantly reduces the generation latency
of LLMs. In the first prompt, the LLM is instructed to gen-
erate a skeleton of the answer, i.e., a list of points that can
be answered independently. For each point, a new prompt
is issued in parallel to address only the corresponding part
of the question.

Recently, numerous studies have explored Tree of Thoughts
(ToT) [221; 113] for tree search-enabled reasoning. Com-
pared to CoT-SC where multiple CoTs originate from the
same initial (root) prompt, ToT employs a tree structure
to decompose a problem into subproblems and solve them
using separate LLM prompts. Unlike ToT using multiple
prompts, Algorithm of Thoughts (AoT) [159] uses only a
single prompt with in-context examples formulated in an al-
gorithmic fashion. Tree of Uncertain Thought (TouT) [127]
enhances ToT with local uncertainty scores by incorporating
the variance of multiple LLM responses into the state eval-
uation function. Tree of Clarifications (ToC) [75] focuses on
answering ambiguous questions using ToT. It first retrieves
relevant external information and then recursively prompts
an LLM to construct a disambiguation tree for the question.

3.2 Meta-Reasoning and Calibration

Numerous works [35; 142; 49; 231; 67] have shown that
LLMs have inherited capabilities of self-correction with proper

prompt engineering. Typically, an LLM can self-reflect its
responses by generating feedback on its answers. It first
generates an initial response to an input question. Next,
it generates feedback given the original input and its ini-
tial response. Finally, it generates a refined response given
the input, initial response, and feedback. Generally, self-
correction may rely on different sources of feedback, includ-
ing intrinsic prompts and external information. Intrinsic
prompts let LLMs generate feedback on their own responses.
For example, CoVe [35] plans verification questions to check
an initial response and then systematically answers those
questions in order to finally produce an improved revised re-
sponse. FLARE [67] performs self-correction by iteratively
generating a temporary next sentence and check whether
it contains low-probability tokens. In contrast, external in-
formation enables LLMs to rely on external tools, such as
external knowledge from search engines, oracle information,
and task-specific metrics, to enhance self-correction. For
example, REFINER [142] interacts with a critic model that
provides automated feedback on the reasoning. CRITIC [49]
interacts with external tools like search engines and code in-
terpreters to verify the desired aspects of an initial output
and subsequently amends the output based on the critiques
from the verification.

One major concern centers around the efficiency of self-
refinement: LLMs need to generate feedback and refined
responses iteratively, which can significantly increase the in-
ference time of LLMs. To overcome the scaling issue, Quiet-
STaR [231] designs a tokenwise parallel sampling algorithm,
using learnable tokens indicating a thought’s start and end,
and an extended teacher-forcing technique. Another con-
cern is caused by generation-time correction. Prevalent self-
correction approaches are based on generation-time correc-
tion, heavily depending on the capacity of the critic model to
provide accurate quantifiable feedback for intermediate out-
puts. Nevertheless, this might be quite challenging for many
NLP tasks with long token sizes, such as summarization—
the summary can be accurately assessed only after the entire
summary is generated. This limitation makes generation-
time correction infeasible in many NLP tasks. One solution
to this issue is post-hoc correction [138]. Unlike general
generation-time correction which generates feedback on the
intermediate reasoning steps, post-hoc correction involves
refining the output after it has been generated.

Overall, step scaling improves reasoning by allocating more
computation to decomposition, search, verification, and cor-
rection. Compared with input scaling, which primarily ad-
dresses deficiencies in available evidence or context, step
scaling is most effective when the main bottleneck lies in
the reasoning process itself, as in mathematical, logical, and
planning tasks. However, its gains are constrained by search
efficiency, verification reliability, and the model’s ability to
avoid overthinking or compounding early mistakes. Relative
to later dimensions such as reasoning rounds, which broaden
reasoning through interaction, step scaling deepens a single
model’s inference process and therefore offers a more direct
but often less diverse form of reasoning improvement.

4. SCALING IN REASONING ROUNDS

Scaling reasoning rounds expands the reasoning process thr-
ough iterative interaction rather than through a single for-
ward pass or a single model’s internal chain of thought. Un-
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Figure 4: Scaling in reasoning rounds.

like input scaling, which enriches the information available
to the model, and step scaling, which deepens intermediate
computation within one reasoning trajectory, round scaling
improves performance by introducing repeated communica-
tion, critique, and refinement across multiple turns. This
additional interaction can increase diversity of perspectives,
expose hidden errors, and support iterative improvement,
but it also comes with significant trade-offs, including co-
ordination overhead, latency, redundancy, and diminishing
returns as the number of rounds grows. This section exam-
ines two major paradigms of round scaling: multi-agent in-
teraction, where multiple LLMs coordinate or debate across
rounds, and human—-LLM interaction, where iterative hu-
man feedback guides and stabilizes the reasoning process.

4.1 Multi-Agent Interaction

Multi-agent interaction has emerged as a powerful paradigm
for scaling LLM reasoning by enabling multiple models to it-
eratively exchange information, challenge assumptions, and
refine outputs. Broadly, existing approaches fall into two
major categories: collaborative frameworks, which empha-
size specialization and division of labor, and debate-based
frameworks, which introduce adversarial reasoning to expose
errors and strengthen the final decision.

In collaborative settings, multiple LLMs work together in
a coordinated manner to achieve improved problem-solving
capabilities [100; 72; 90]. In particular, in these frame-
works, each LLM (agent) is assigned a distinct role—such
as planner, executor, verifier, or critic—and iteratively re-
fines its output through structured interactions with other
agents [217]. For example, CAMEL [90] introduced a frame-
work where LLM agents assume different personas and inter-
act through structured role-playing, enabling more effective
task completion through multi-turn communication. The
core idea is to enhance the specialization and division of la-
bor among LLMs, ensuring that different agents contribute
unique perspectives to improve overall task performance.
Unlike single-agent systems, which rely on an LLM’s internal
reasoning capability [51; 198], multi-agent frameworks dis-
tribute tasks across multiple agents that engage in iterative
interactions [90].

Increasing the number of agents can improve task diversity
and allow for role specialization, where different agents as-
sume distinct functions such as problem decomposition, tool
usage, or evaluation [52]. Research has demonstrated that

larger multi-agent systems can achieve greater accuracy and
better adaptability in open-ended reasoning tasks, as seen in
software development frameworks like MetaGPT [57]. How-
ever, these gains are not monotonic. Beyond a certain scale,
performance may plateau or even decline due to conflict-
ing reasoning paths, redundancy, and growing coordination
overhead [100]. Similarly, [149] shows that structured di-
alogue among LLM agents improves reasoning depth and
solution diversity, but also finds that too many interaction
rounds lead to diminishing returns, as agents increasingly re-
inforce each other’s biases rather than contribute genuinely
new insights. These findings suggest that naive scaling of
agent count or communication depth is insufficient; effec-
tive round scaling requires careful coordination protocols
and complementary role assignment. Several works there-
fore introduce explicit communication structures to miti-
gate these issues. Hierarchical frameworks, in which some
LLMs act as supervisors while others serve as task execu-
tors, have shown consistent gains in both accuracy and ef-
ficiency [13]. Another interesting finding is introduced in
LLM Harmony [149], which optimizes inter-agent communi-
cation by structuring dialogue between multiple LLM agents.
Instead of simple turn-based exchanges, this framework en-
ables agents to dynamically negotiate task objectives, del-
egate subtasks, and refine outputs iteratively. The results
suggest that scaling the number of interacting agents im-
proves performance only when they are given complemen-
tary roles, while increasing homogeneous agents leads to re-
dundant reasoning patterns.

In contrast to collaborative frameworks, debate-based meth-
ods deliberately assign adversarial roles to LLMs and often
introduce an explicit judge. In these setups, each agent acts
as a debater that challenges others and attempts to per-
suade a judge, with the goal of surfacing errors and stronger
arguments rather than directly solving subtasks. A pio-
neering example is Multi-Agent Debate (MAD) [101], which
proposes a structured debate protocol with a “tit-for-tat”
mechanism: multiple debaters exchange arguments over sev-
eral rounds, and a designated judge aggregates the discus-
sion to reach a final decision. The key idea is to amplify
disagreement and critical scrutiny. Compared with self-
reflection approaches [120; 165], MAD induces stronger dis-
agreement, helping to avoid premature convergence on in-
correct answers. Building on this idea, subsequent debate-
based frameworks improve reasoning robustness and factual
accuracy by refining debate protocols and judge designs [40].
The scaling effect in debate frameworks manifests in multi-
ple dimensions. In [73], the authors find that when employ-
ing a judge LLM to evaluate responses from debater LLMs,
increasing the number of debate rounds does not necessarily
lead to greater clarity—especially for weaker models, where
additional rounds introduce confusion rather than improv-
ing accuracy. However, in consultancy-based interactions,
where a single LLM attempts to persuade a judge LLM, the
judge’s accuracy improves over successive rounds. Notably,
enhancing the persuasiveness of debater LLMs—making them
more effective at convincing the judge—has been shown to
yield performance improvements. This scaling effect pro-
vides further insights into optimizing debate-based reason-
ing frameworks. Similarly, [125] suggests that scaling LLM
debates with increasingly skilled debaters (e.g., progress-
ing from AI to human debaters) enhances oversight mech-
anisms, improving overall debate efficacy, whereas consul-



tancy frameworks tend to perform worse under similar con-
ditions. Distinct from these approaches, CIPHER [143] pro-
poses embedding-based communication to facilitate debate,
enabling smaller LLMs to retain stronger debate capabilities
by mitigating information loss. Their findings indicate that
increasing the number of debate rounds improves perfor-
mance up to a threshold of three rounds, beyond which ad-
ditional rounds provide diminishing returns. Overall, multi-
agent interaction shows that round scaling can improve rea-
soning not only by increasing deliberation length, but also
by introducing complementary roles, disagreement, and it-
erative critique. At the same time, it reveals a defining chal-
lenge of this dimension: additional rounds are helpful only
when they generate genuinely new information or perspec-
tives, rather than repeated, biased, or poorly exchanges.

4.2 Human-LLM Interaction

Reasoning rounds can also be scaled through iterative in-
teraction between humans and LLMs. In this setting, im-
provement does not come from communication among mul-
tiple models, but from repeated user guidance that helps
the model clarify goals, correct mistakes, and refine its re-
sponses. This human-in-the-loop paradigm shifts LLMs from
static inference engines to adaptive assistants whose reason-
ing can be steered and stabilized through feedback [3; 202].
Recent work explores multi-turn reasoning scenarios where
users provide incremental clarifications or corrections, al-
lowing models to refine their responses iteratively [120; 80].
This process mirrors how humans engage in collaborative
problem-solving, gradually converging on an accurate and

well-structured answer. Methods such as self-reflection prompt-
ing [165] and feedback-based reinforcement learning [17] demon-

strate improvements in factual consistency and reasoning
depth by enabling LLMs to assess and revise their outputs.
A key challenge in human-LLM interaction is balancing ef-
ficiency with adaptability. Over-reliance on explicit feed-
back mechanisms can introduce cognitive overhead for users,
while insufficient adaptability limits the model’s ability to
incorporate nuanced human guidance. Recent strategies
mitigate this tradeoff through adaptive interaction mech-
anisms, such as retrieval-enhanced dialogue memory [139]
and user-intent modeling [92], allowing LLMs to anticipate
user needs and refine responses proactively.

As interaction frameworks scale, ensuring alignment with
human cognitive processes remains critical. Fine-tuning strate-
gies that incorporate user feedback loops have shown promise
in enhancing model interpretability and trustworthiness [76].
Furthermore, inference-time intervention mechanisms [123;
172] enable LLMs to allocate computational resources ef-
ficiently based on user engagement patterns. By refining
the synergy between LLMs and human oversight, interac-
tive reasoning systems hold the potential to scale beyond
static prompt-response architectures, evolving towards more
adaptive and contextually aware Al assistants.

Overall, round scaling improves reasoning by broadening the
inference process through interaction, critique, and iterative
refinement. Compared with step scaling, which deepens a
single reasoning trajectory, round scaling introduces exter-
nal feedback and perspective diversity, making it particu-
larly useful for open-ended reasoning, oversight, and collab-
orative decision-making. However, its gains are constrained
by communication quality, role complementarity, and coor-

Reinforcement Learning RL Loop

Trace A ()

@ (Reward:O)
Trace B

Aha! Moment r=- (Reward=0)

Trace C
= (Reward=1 Q

Saturation

@

Slow Start

Performance

RL Training Steps & Search

Latent-Space Reasoning

B c — \%’
E T A
LmewrHed ) w: FEPYY
Tra!lsfqrmer ]:310:cks ” é]I Transformer Blocks |

—_—— —
Input Latent Embedding

Input Reasoning

Figure 5: Scaling in model optimization.

dination efficiency, and its characteristic failure modes in-
clude redundancy, premature consensus, noisy debate, and
excessive reliance on user effort. Relative to training-enabled
reasoning, which seeks to internalize better reasoning poli-
cies in advance, round scaling remains more flexible at in-
ference time but also more dependent on well-designed in-
teraction protocols.

S. SCALING IN MODEL OPTIMIZATION

Scaling model optimization improves reasoning not by sup-
plying more external information or extending explicit infer-
ence trajectories, but by strengthening the model’s internal
reasoning capacity through training or latent computation.
Unlike the previous three dimensions, which primarily al-
locate additional resources at inference time, this dimen-
sion seeks to internalize better reasoning policies in advance
or to expand internal computation without proportionally
increasing explicit reasoning length. Reinforcement learn-
ing (RL)-based methods scale reasoning by optimizing the
model’s policies over increasingly complex tasks, aligning
behavior with human intentions and enabling deeper multi-
step inference. Complementing RL approaches, latent-space
reasoning methods scale internal computation without in-
creasing sequence length or model size. By iterating over
hidden representations, such as an in-looped transformer,
these methods allow models to perform additional inter-
nal reasoning steps, effectively scaling “thinking time” while
keeping inference cost manageable. Together, Reinforce-
ment Fine-Tuning (RFT) and latent-space reasoning illus-
trate how optimization-time scaling can deepen LLM rea-
soning capacity, offering alternatives to traditional scaling
via larger models or longer explicit reasoning traces.

5.1 Reinforcement Learning

Although previous studies have shown that distilling knowl-
edge from superior LLMs, regardless of whether supervised
fine-tuning (SFT) data are amassed in large quantities or
carefully curated [240; 223], can enhance the reasoning abil-
ities of smaller models for solving complex tasks [166; 121;
56|, recent studies contend that, merely increasing the vol-
ume of SFT data typically yields only a log-linear perfor-
mance improvement [228]. Moreover, models trained exclu-
sively on SFT data tend to overfit by memorizing the train-
ing set, thereby struggling to generalize to out-of-distribution
(OOD) tasks [30]. To mitigate these issues, reinforcement



learning (RL) has emerged as a key approach in LLM post-
training, aligning models with human preferences [136; 148§]
and enhancing their reasoning abilities [161; 218; 50].
Recent studies indicate that conducting RL-based fine-tuning
following SF'T can further improve the reasoning abilities of
LLMs. ReFT [119] first performs a warm-up SFT on dis-
tilled CoT data followed by fine-tuning the SFT model us-
ing Proximal Policy Optimization (PPO) [158] on the same
training questions, which eventually leads to significant per-
formance gains on mathematical reasoning tasks. T1 [5§]
employs a similar training strategy, but emphasizes scaling
sampling diversity during RL training through techniques
such as high-temperature sampling, on-policy KL normal-
ization, and rule-based reward penalties for undesirable rep-
etition responses. They observed that increasing the num-
ber of sampled responses, raising the sampling temperature
during RL training, and extending inference-time reasoning
steps collectively contribute to improved reasoning perfor-
mance. DeepSeek-R1 [50] shares a similar strategy as ReFT
but employs self-training by directly applying Group Rela-
tive Policy Optimization (GRPO) [161] to the base model.
This base model is then used to generate long-form CoT data
for the warm-up SFT stage, after which GRPO is applied
again to the SF'T model, ultimately achieving reasoning per-
formance comparable to OpenAl-ol [60]. They observed
an “aha-moment” during the training of DeepSeek-R1-Zero,
where the model learned to rethink as the response length
increased. Following DeepSeek-R1, recent works observed
similar “aha-moment” and think related words on different
tasks, including real-world software engineering [197], logi-
cal puzzles [210], and automated theorem proving [37] when
scaling up the training steps and response length using RL-
based fine-tuning.

At the same time, RL-trained reasoning models that pro-
duce long CoT traces can exhibit notable failure modes, in-
cluding “underthinking” [191], where the model frequently
switches between shallow reasoning branches without engag-
ing in sustained deliberation, and “overthinking” [22], where
excessive reasoning on simple instances can degrade accu-
racy. Beyond these empirical observations, recent work has
begun to systematically characterize the compute—scaling
behavior of RL post-training. ScaleRL [74] demonstrates
that RL reward improvements follow a predictable sigmoidal
compute—performance curve, with early low-gain regions, a
sharp transition phase, and a clear asymptotic limit. Their
analysis shows that many commonly tuned components, in-
cluding curriculum design, normalization, and loss aggre-
gation, primarily affect compute efficiency, whereas only a
small subset of architectural or algorithmic choices (e.g.,
loss formulation, precision handling, off-policy setup) ma-
terially shifts the ultimate performance ceiling. In paral-
lel, ProRL [107] provides complementary evidence that pro-
longed RL optimization can elicit qualitatively new reason-
ing strategies even in relatively small models, though it does
not explicitly analyze the predictability of compute scaling.
Taken together, these studies suggest that RL post-training
is not only empirically effective but also exhibits a struc-
tured, saturating scaling pattern, underscoring the impor-
tance of understanding compute—performance curves rather
than evaluating methods solely at isolated endpoints.

5.2 Latent-Space Reasoning

A second pathway for optimization-based scaling increases

reasoning capacity by allocating additional computation in
latent space rather than through longer explicit reasoning
traces. In explicit reasoning [194], models generate interme-
diate natural-language steps before producing a final output.
While such reasoning improves interpretability and decom-
position, it can also be verbose and computationally expen-
sive. Latent-space reasoning aims to address this limitation
by performing additional computation over hidden represen-
tations without requiring every intermediate thought to be
verbalized [33; 164]. This makes it possible to scale “think-
ing time” without proportionally increasing sequence length
or model size.

Several recent methods instantiate this idea in different ways.
Deng et al. [33] propose distilling multi-step reasoning into
latent representations across layers, allowing the model to
solve complex problems in a single forward pass while im-
proving efficiency and scalability. CoCoMix [170] trains
LLMs to predict selected semantic concepts directly from
hidden states; by interleaving token embeddings with high-
level continuous concepts, it enhances abstract reasoning
while reducing data and computation costs. More broadly,
this line of work reflects a key observation: natural language
is not always the most efficient substrate for reasoning. Hao
et al. [54] argue that many word tokens mainly serve textual
coherence rather than reasoning itself, whereas only certain
critical tokens require deeper planning. Based on this in-
sight, Coconut [54] iteratively processes hidden states and
enables parallel exploration of multiple reasoning paths in
latent space. Additional work explores how iterative latent
computation can deepen reasoning without requiring param-
eter expansion. ITT [23], for example, dynamically allocates
computation to critical tokens and iteratively refines hid-
den representations. The same iterative paradigm has also
been explored for test-time scaling [47; 129], where repeated
latent transformations improve efficiency relative to explic-
itly lengthening verbalized reasoning. Similarly, Saunshi et
al. [155] show that model depth can effectively be scaled un-
der a limited parameter budget through looping, introducing
a new scaling paradigm based on iterative latent-space trans-
formations rather than simply enlarging the model. Collec-
tively, these methods suggest that deeper reasoning need
not always correspond to longer visible chains of thought;
in some settings, the key resource being scaled is internal
computation itself.

Overall, optimization-based scaling improves reasoning by
internalizing stronger reasoning policies or by expanding in-
ternal computation through latent iterative processing. Com-
pared with input scaling, step scaling, and round scaling,
which primarily invest additional resources at inference time,
this dimension shifts the trade-off toward up-front optimiza-
tion cost in exchange for potentially reusable reasoning im-
provements across many downstream tasks. This makes it
particularly attractive in high-value settings where stronger
reasoning behavior can be amortized over repeated deploy-
ment. However, its gains are constrained by optimization
stability, reward fidelity, transferability, and the difficulty of
understanding how internalized or latent reasoning general-
izes beyond the training conditions.

6. APPLICATION

6.1 AI Research



Scaling in LLMs has fundamentally reshaped AI research,
both extending traditional domains and opening entirely
new research avenues. This section explores how scaling
has influenced three critical areas: LLM-as-a-Judge, fact-
checking, and dialogue systems.

LLM-as-a-Judge. Using LLMs to evaluate model outputs
or other models has emerged as a pivotal research direc-
tion, enabling evaluation at scale beyond traditional ap-
proaches and human assessment [89]. Notably, larger models
demonstrate a significantly higher correlation with human
preferences compared to their smaller counterparts [238].
To further improve evaluation quality, recent work has ex-
plored multi-step reasoning processes [152], where scaling
the number of reasoning steps enhances evaluation capabili-
ties [29]. Additionally, scaling across multiple judge models

ties of LLMs enhance software development by enabling a
better understanding of complex coding tasks and facilitat-
ing accurate multi-step reasoning over intricate software de-
pendencies and structures. Advanced reasoning techniques,
such as chain-of-thought prompting, allow code-generation

assistants to systematically approach and solve coding tasks [20;

64]. Furthermore, structured reasoning strategies can effec-
tively handle larger coding contexts and reduce developer
cognitive load during debugging and iterative improvement
processes [64].

Data Science Workflows. Scaling reasoning in LLMs
substantially improves data science workflows by enabling
sophisticated analytical and exploratory tasks. Multi-step
reasoning allows LLMs to iteratively explore, interpret, and
synthesize insights from diverse datasets [171], effectively

supporting hypothesis generation and validation processes [162;
201]. Retrieval-augmented reasoning frameworks extend these
capabilities further by dynamically integrating external knowl-

has emerged as an effective approach to improve evaluation
reliability [99]. Different LLMs functioning as agents collab-
orate through multi-round discussions before reaching a final

judgment, thereby enhancing evaluation consistency [146].

Fact-Checking. The capacity of Al systems to generate
misinformation has driven substantial research into auto-
mated fact checking [200; 32; 242]. Initial fact verification
approaches relied on smaller models with limited contex-
tual understanding, primarily focusing on matching claims
to evidence [32]. Large-scale LLMs have shown remarkable
fact-checking capabilities by supporting fact-checkers with
their extensive knowledge and sophisticated reasoning [175].
Scaling in reasoning steps has been demonstrated to improve
claim detection, making the process more methodical [157].
Additionally, RAG has been employed for evidence-backed
fact-checking with reduced hallucination and improved per-
formance, with performance scaling with the number of re-
trieved documents [167]. Multi-agent systems have been
widely implemented for fact-checking, where multiple im-
perfect fact-checkers can collectively provide reliable assess-
ments [178].

Dialogue Systems. Dialogue systems represent the most
visible application of LLM scaling [224; 239; 43], where ad-
vances in context length, reasoning steps, and training data
have dramatically transformed interactive capabilities. En-
hanced context handling has significantly impacted dialogue
coherence and consistency. Scaling of context provides di-
alogue agents with more information, enabling more infor-
mative long-term conversations [6; 173]. External augmen-
tation has been widely adopted to facilitate long-term di-
alogue as well. Commonly integrated external knowledge,
including commonsense [183], medical [21], and psycholog-
ical [24] knowledge, serves as supplementary guidance for
the reasoning process, ensuring logical coherence across ex-
tended contexts. Multi-agent dialogue systems have also
demonstrated exceptional capabilities, where multiple LLMs
collaborate to comprehensively evaluate and select the most
appropriate responses [42].

6.2 Production

The scaling reasoning capabilities of LLMs have significantly
enhanced production applications, particularly in software
development, data science workflows, and interactive Al sys-
tems. This subsection discusses these areas with illustrative
examples.

Software Development. The scaling reasoning capabili-

edge during reasoning, thus enriching the comprehensive-
ness of exploratory analysis [144]. Multi-agent systems are
also proposed to collaboratively solve real-world data science
challenges [98].

Interactive AI Systems. Scaling reasoning steps and
context length transforms interactive Al systems by signifi-
cantly improving their adaptability and context-awareness.
Expanded reasoning capabilities enable dialogue agents to
maintain coherent and informative long-term interactions,
effectively integrating historical context and external knowl-
edge [6; 43]. Multi-agent systems leverage iterative refine-
ment and structured verification among specialized reason-
ing agents, further enhancing accuracy and reducing errors
such as hallucinations [42]. Interactive Al environments
such as LLM-based Cursor [34] leverage LLMs’ contextual
reasoning to facilitate precise user interactions, enabling tar-
geted queries and refined outputs.

6.3 Science

The scaling of LLMs has significantly benefited scientific
domains, with medicine, finance, and disaster management
emerging as prominent application areas.

Medical Domain. The medical domain has experienced
remarkable advances through scaled LLMs. Research demon-
strates that increasing model size leads to enhanced medical
reasoning capabilities, with performance on medical ques-
tions improving proportionally [9; 102; 116]. This pattern
extends to diagnostic reasoning [48; 156], where larger mod-
els can identify complex disease progression patterns that
smaller models miss [230; 46]. Multi-round reasoning ap-
proaches such as CoT have demonstrated exceptional effec-
tiveness in medical diagnosis [199; 106], with additional rea-
soning steps yielding more accurate diagnoses [59; 16] by
enabling consideration of alternative explanations and con-
founding factors. RAG techniques enhance medical ques-
tion answering, with performance improving as the number
of retrieved snippets increases [212]. Many-shot ICL shows
particular efficacy for drug design tasks, with performance
scaling with the number of examples provided [128]. Addi-
tionally, multi-agent LLM frameworks that simulate medical
team consultations have demonstrated superior diagnostic
accuracy, with specialized agents collaborating on complex
cases to outperform single LLMs when benchmarked against



gold-standard diagnoses [41; 78].

Finance. Financial applications demonstrate improved per-
formance with large-scale LLMs. Studies indicate that fine-
tuned large-scale LLMs substantially outperform smaller al-
ternatives [68], with performance scaling with model size [145;
91]. The multi-step reasoning capabilities of scaled LLMs
prove particularly valuable for complex financial analysis,
significantly outperforming direct approaches [243; 145]. Fi-
nancial sentiment analysis benefits from increased numbers
of examples in many-shot ICL scenarios [2; 196]. RAG-
based approaches incorporating banking webpages and pol-
icy guides improve question-answering performance, with re-
sults scaling with the number of retrieved documents [235].
Multi-agent debate frameworks yield promising results in in-
vestment and trading decision scenarios [227; 226; 209], with
specialized agents covering distinct functions outperforming
single-agent approaches.

Disaster Management. Disaster management has under-

gone substantial transformation through large-scale LLMs [87].

Social media text classification for disaster types has im-
proved significantly through LLM fine-tuning compared to
traditional machine learning methods [225; 39]. The in-

context learning capabilities of large-scale LLMs enable context-

aware disaster applications including conversational agents
for disaster-related queries and situational analysis [135; 150].
Large-scale disaster knowledge graphs enhance in-context
learning through retrieval augmentation, enabling LLMs to
generate more informative and less hallucinated responses [19;
205]. For high-stakes disaster-related decision-making, multi-
agent LLM approaches have been effectively deployed to
facilitate adaptive and collaborative decision processes [36;
177], largely outperforming a single LLM.

7. FUTURE DIRECTIONS

Efficiency in Scalable Reasoning. Scaling reasoning ca-
pability in LLMs enhances their ability to solve complex
problems but also increases response length, making it in-
efficient for simpler tasks. However, current LLMs apply
uniform reasoning effort across all queries, leading to un-
necessary computational overhead. A key direction for im-
provement is adaptive reasoning frameworks, where mod-
els dynamically adjust the depth of reasoning based on task
difficulty [232; 195]. For example, “Proposer-Verifier” frame-
work [168] offers a promising approach by generating multi-
ple candidate solutions and selecting the most reliable one

through verification, reducing redundant reasoning steps while

maintaining accuracy. However, achieving dynamic com-
putation allocation requires robust uncertainty estimation,
ensuring that models allocate resources efficiently without
excessive overhead.

Another challenge is balancing search-based reasoning meth-
ods with computational cost. Approaches like ToT and
Monte Carlo search refine reasoning iteratively but incur sig-
nificant compute overhead. Selective pruning strategies that
eliminate irrelevant reasoning paths while maintaining solu-
tion integrity could help optimize performance [211]. Addi-
tionally, RL-based multi-step reasoning faces credit assign-
ment issues, where sparse rewards make optimizing inter-
mediate reasoning steps difficult [82]. Future work should
explore hybrid reward models [163] that combine process-
based supervision (evaluating stepwise correctness) with some

outcome-based rewards (final answer validation) to improve
long-horizon reasoning stability and efficiency.

Beyond single-model scaling, collaborative multi-agent sys-
tems present a promising avenue for large-scale reasoning [85;
137], but they also introduce significant coordination over-
head. As the number of agents increases, computational
redundancy and inefficient communication can slow down
reasoning instead of improving it [51]. One approach to
mitigate this is dynamic agent selection [112], where the sys-
tem dynamically selects only the most relevant agents for a
given reasoning task while discarding redundant ones. An-
other strategy is hierarchical multi-agent reasoning, where
a smaller subset of expert agents handles complex queries,
while simpler queries are resolved by lightweight, lower-cost
agents. Additionally, inter-agent communication should be
optimized through compressed latent representations rather
than verbose token-based exchanges, further reducing com-
putational overhead [244]. Future research should explore
pruning and optimization techniques that enable multi-agent
systems to scale efficiently without unnecessary computa-
tional waste, ensuring that reasoning is distributed opti-
mally across agents.

Inverse Scaling and Stability. Inverse scaling refers to
the phenomenon where LLMs unexpectedly perform worse
on certain tasks, contradicting standard scaling laws that
predict consistent improvements with increased model size.
Lin et al. [103] first observed this effect when evaluating
LLMs such as GPT-2 and GPT-3 on truthfulness tasks, not-
ing that common training objectives incentivize imitative
falsehoods, where models produce false but high-likelihood

responses due to patterns in their training distribution. McKen-

zie et al. [124] systematically analyzed different datasets ex-
hibiting inverse scaling and identified key causes like solving
distractor tasks instead of intended tasks.

While inverse scaling is widely observed, Wei et al. [192]
challenge its universality, showing that some tasks previ-
ously exhibiting inverse scaling follow a U-shaped scaling
trend—where performance initially declines with increasing
model size but later recovers at even larger scales. This sug-
gests that larger models can sometimes unlearn distractor
tasks and correct their errors, emphasizing the importance
of evaluating scaling trends beyond mid-sized models.
Since scaling laws were originally developed in the context of
pretraining, they remain decoupled from downstream task
performance, making it an open question of how to sys-
tematically predict and mitigate inverse scaling across dif-
ferent reasoning benchmarks. Additionally, challenges like
reward hacking [4]—where models exploit superficial sig-
nals rather than true reasoning improvements—necessitate
adaptive reward models to maintain stability in multi-step
reasoning.Future work should focus on developing predic-
tive models for inverse scaling, refining adaptive fine-tuning
methods, and leveraging world models for richer environ-
mental feedback, ensuring that multi-step reasoning gener-
alizes effectively across domains such as code generation,
planning, question answering, and cross-lingual tasks.

Security Risks in Scaled Reasoning Models. While
CoT prompting enhances LLMs’ ability to perform struc-
tured reasoning, it also introduces new security vulnera-
bilities, particularly backdoor attacks that manipulate the

model’s reasoning process. BadChain [207] exploits the model’s

step-by-step reasoning by injecting backdoor reasoning steps,



causing malicious alterations in the final response when a
hidden trigger is present in the query. Similarly, H-CoT [83]
manipulates the model’s internal reasoning pathways, hi-
jacking its safety mechanisms to weaken its ability to detect
harmful content. While defenses such as backdoor detection
(CBD) [208] and modified decoding strategies [63] offer some
protection, their effectiveness against novel attacks remains
largely unexplored. This highlights the urgent need for more
robust defenses capable of adapting to emerging threats.
Unlike CoT, RAG integrates external data sources, making
them prone to data extraction attacks [28]. Existing de-
fenses primarily focus on retrieval corruption attacks [206;
174; 241], aiming to maintain performance, but data leak-
age prevention remains an underexplored area. For example,
RAG-Thief demonstrates how attackers can extract scalable
amounts of private data from proprietary retrieval databases
[62]. Beyond attacks on individual LLMs, the scaling of
multi-agent reasoning systems introduces new attack sur-
faces. AgentPoison [27] specifically targets RAG-based and
memory-augmented LLM agents, poisoning long-term mem-
ory or altering the knowledge base to induce faulty rea-
soning over time. As multi-agent LLM systems grow in
scale, collusive behaviors among malicious agents present an
even greater risk [219]. BlockAgents proposes a blockchain-
integrated framework for LLM-based cooperative multi-agent
systems, mitigating Byzantine behaviors that arise from ad-
versarial agents [14].

As Al adoption increases, the computational and environ-
mental costs of inference also become a growing concern [118;
153; 141]. Large-scale LLMs demand significant energy re-
sources on inference [141]. This opens the door to a new
form of attack, OverThink attack [81], where an adversary
intentionally inflates the number of reasoning tokens in an
LLM’s response, drastically increasing financial and compu-
tational costs. As LLM reasoning continues to scale, de-
ploying cost-effective safeguards against such attacks will
become necessary for sustainable AI deployment.

8. CONCLUSION

In this survey, we presented a comprehensive view of how
different scaling strategies shape the reasoning capabilities
of large language models. We organized the literature along
four major dimensions: input information, reasoning steps,
reasoning rounds, and model optimization, and discussed
the key methods, benefits, trade-offs, and failure modes as-
sociated with each. Our analysis highlights that scaling can
substantially improve LLM reasoning across a wide range
of domains, but these gains are not uniform: they often
come with increased computational cost, instability, dimin-
ishing returns, and emerging safety and security risks. We
further outlined several promising directions for future re-
search, including adaptive computation allocation, more ro-
bust and stable optimization, principled evaluation beyond
final-answer accuracy, and safer multi-agent and human-
LLM interaction. As LLMs continue to advance, a deeper
understanding of how to scale reasoning effectively and re-
sponsibly will be essential for building AI systems that are
not only more capable but also more efficient, reliable, and
trustworthy.
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