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Abstract
The rapid evolution of large language models (LLMs) has driven a transformative shift in artificial intelligence (AI), reshaping both research
paradigms  and  practical  applications.  Distinguished  from  their  predecessors  by  unprecedented  scale  and  advanced  capabilities,  LLMs
necessitate  new  frameworks  for  understanding  their  development,  behavior,  and  societal  impact.  This  survey  systematically  reviews  recent
advancements in LLM techniques across four key dimensions: (1) pre-training methodologies, which establish core model capabilities through
large-scale  self-supervised training,  architectural  innovations,  and data  curation strategies;  (2) post-training techniques,  including supervised
fine-tuning  and  reinforcement  learning,  which  adapt  foundational  models  to  downstream  tasks  and  enhance  their  alignment  and  safety;
(3) utilization strategies,  such  as  in-context  learning,  prompt  engineering,  and  agentic  reasoning,  that  optimize  real-world  deployment  and
enable  effective  interaction  with  external  environments;  and  (4) evaluation methods,  encompassing  benchmarks  for  key  ability  dimensions
such  as  core  language  capabilities,  reasoning,  and  safety,  which  support  comprehensive  and  reliable  assessment  of  model  performance.
Additionally, we identify critical research issues, including those concerning theoretical foundations, efficient scaling, alignment, and agentic
capability,  and highlight  the open challenges they present.  By synthesizing state-of-the-art  insights and emerging trends,  this  survey aims to
provide  a  systematic  and  comprehensive  framework  for  understanding  the  trajectory,  current  limitations,  and  future  directions  of  LLM
progress.
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 ■ 1  Introduction
Language  is  a  foundational  human  ability,  essential  to  communica-
tion  and  expression.  It  emerges  in  early  childhood  and  continues  to
evolve  throughout  life  [1].  For  machines,  however,  this  capacity  is
not  innate;  without  sophisticated  artificial  intelligence  (AI)
algorithms,  they  cannot  naturally  process  or  generate  human
language. Thus,  enabling machines to read, write,  and communicate
in  a  human-like  manner  has  remained  a  central  and  enduring
challenge for AI research [2].

At  the  technical  core  of  this  endeavor  lies natural  language
modeling,  which serves as a cornerstone of machine intelligence for
language.  It  works  by  modeling  the  generative  likelihood  of  word
sequences,  predicting  the  probabilities  of  upcoming  or  missing
tokens. Research in this field has attracted immense attention, and its
historical  progress  can  be  organized  into  four  main  developmental
stages:

n
● Statistical language models (SLMs) [3,4], commonly referred to

as -gram  models,  emerged  in  the  1990s.  Based  on  statistical
learning  methods,  they  operate  under  the  Markov  assumption,
predicting  each  word  based  on  only  a  limited  window of  preceding
context.  Although  widely  adopted  in  information  retrieval  (IR)  and
natural  language  processing  (NLP),  SLMs  suffer  from  the  curse  of
dimensionality,  which  complicates  reliable  estimation  of  word
transition  probabilities.  To  address  the  resulting  data  sparsity,
smoothing  techniques  (e.g.,  back-off  and  Good-Turing  estimation)
were often employed.

● Neural language models (NLMs) [5,6] leverage neural networks
(e.g.,  multilayer  perceptron)  to  model  word  sequence  probabilities.
The  seminal  work  by  Bengio  et  al.  [5]  introduced distributed  word
representations and  established  a  word  prediction  framework
conditioned on aggregated contextual features. Subsequent advances,
such as the unified neural architecture [7], extended NLMs to diverse
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NLP tasks. Pivotal work like word2vec [8,9] later demonstrated that
even  shallow  neural  networks  could  learn  highly  effective  word
embeddings.  Collectively,  these  advances  shifted  the  focus  of
language  modeling  from  sequence  prediction  alone  to  robust,
distributed text representation learning.

●  Pre-trained  language  models  (PLMs)  [10,11]  are  developed
through self-supervised learning on carefully designed pre-text tasks,
enabling  them to  acquire  the  contextual  semantic  representations  of
natural language texts. The ELMo model [10] pioneered this learning
paradigm using bidirectional LSTMs, while BERT [11] significantly
advanced  the  approach  by  employing  the  highly  parallelizable
Transformer  architecture  [12].  This  evolution  established  the
influential “pre-train  +  fine-tune” paradigm,  in  which  models  first
learn  a  broad  understanding  of  language  and  are  subsequently
adapted to specific downstream tasks via task-specific fine-tuning.

●  Large  language  models  (LLMs)  [13]  achieve  substantially
enhanced  capabilities  by  scaling  up  model  size,  training  data,  and
computational resources in accordance with established scaling laws
[14].  Pioneering  examples  include  GPT-3  (175B  parameters)  [13]
and  PaLM  (540B  parameters)  [15],  which  delivered  significant
performance  gains  over  their  predecessors,  such  as  BERT  [11]  and
GPT-1  [16].  Notably,  GPT-3  excels  at  few-shot  tasks  through in-
context learning, a capability absent in GPT-2. This leap in capability
led  the  research  community  to  formalize  the  term “large  language
models” [17,18],  distinguishing  them  from  conventional  pre-trained
language  models.  The  transformative  potential  of  LLMs  became
widely  recognized  with  the  launch  of  ChatGPT,  an  advanced
dialogue-oriented model that sparked global interest in generative AI.

Today,  LLMs  have  transformed  both  AI  research  and  industry,
driving  a  paradigm  shift  from  task-specific  models  toward  general-
purpose  foundation  models.  Beyond  merely  improving  upon
traditional  benchmarks,  LLMs now act  as  accelerators  for  scientific
discovery—synthesizing literature, generating code to lower barriers,
and aiding hypothesis formation—thus becoming indispensable tools
for research work. In industry, LLMs leverage their extensive world
knowledge  and  advanced  capabilities,  such  as  planning,  reasoning,

and  tool  use,  to  serve  as  versatile  intelligent  assistants.  This
technological  leap  has  catalyzed  a  rapidly  growing  application
ecosystem.  LLMs now form the  core  of  advanced  enterprise  search
platforms, AI-driven data analysis tools, automated customer support
systems,  and  sophisticated  content  creation  suites,  demonstrating
their  deep  integration  into  professional  and  operational  workflows.
Given  their  expanding  role,  LLM  development  has  accelerated
markedly, with numerous models now emerging and being integrated
into daily life, as shown in the evolution timeline (Fig. 1).

Overall,  the  development  and  deployment  of  modern  language
models (Fig. 2) involves substantially greater complexity than earlier
generations.  This  complexity  is  driven  by  the  increasing  scale  and
capabilities  of  these  models,  and  is  manifested  in  a  multi-stage
pipeline. The foundational pre-training stage requires the meticulous
orchestration  of  data,  architecture,  and  large-scale  optimization,
balancing  performance  goals  with  practical  constraints.  An  optional
mid-training  phase  then  further  refine  advanced  capabilities.
Subsequently,  rigorous  post-training  has  become  indispensable,
enhancing  instruction  following,  complex  reasoning,  and  task
performance  while  aligning  models  with  human  values  and
addressing  critical  safety  concerns.  To  leverage  these  models
effectively  in  practice,  they  are  typically  used  with  prompt
engineering  techniques  and  are  often  deployed  within  agentic
frameworks  designed  to  enhance  both  usability  and  performance.
Finally, establishing reliable and challenging evaluation benchmarks
is essential for steering the future development of LLMs.

The  remarkable  advancement  of  LLMs  has  brought  both
transformative  capabilities  and  significant  new challenges.  As  these
systems  demonstrate  increasingly  sophisticated  capacities,  the
research  community  requires  authoritative  frameworks  to  navigate
this  rapidly  evolving  and  complex  technical  pipeline.  This  survey
addresses  this  necessity  by  providing  a  structured  overview  and
analysis of four critical, interconnected stages of the LLM lifecycle:
pre-training (developing  capable  base  models), post-training
(optimizing  models  for  alignment  and  task-oriented  adaptation),
utilization (effective strategies for deployment and downstream use),

 

 
Fig. 1    A timeline of representative LLMs released in recent years. Models with publicly available checkpoints are highlighted in yellow
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and evaluation (robust  assessment  of  capabilities  and  risks).  Our
contribution  is  twofold:  we  offer  a  systematic  introduction  to  the
fundamental  techniques  driving  LLM  development,  while
synthesizing  current  research  to  highlight  advanced  topics  and
technical challenges. Through a rigorous review of the literature, we
consolidate  key  findings,  methodologies,  and  technical  approaches
across  the  field.  To  support  ongoing  research,  we  also  maintain  a
curated  GitHub  repository  of  essential  LLM  resources  and
supplementary  materials,  accessible  at  the  website  of  github.com/
RUCAIBox/LLMSurvey.  This  survey  is  a  concise,  self-contained
review.  It  is  an  updated  and  refined  version  of  our  earlier  arXiv
article  [19]  (now  expanded  into  a  comprehensive  book  [20]).  The
content and presentation have been substantially revised to better suit
the format of a journal review paper and to reflect the current state of
the field.

The  remainder  of  this  survey  is  organized  as  follows: Section 2
introduces  the  background  for  LLMs. Section 3, 4, 5,  and 6 review
and  summarize  the  recent  progress  from  the  four  aspects  of  pre-
training,  post-training,  utilization,  and  evaluation,  respectively.
Finally, Section 7 discusses  the  remaining  challenges  and  open
issues, and Section 8 concludes this survey.

 ■ 2  Key concepts and background
In  contemporary  literature  [13,15],  large  language  models  (LLMs)
primarily refer to Transformer-based neural networks with parameter
counts in the billions or more. Typically, these models are pre-trained
on  vast  amounts  of  unlabeled  natural  language  text  and  then  post-
trained  to  adapt  to  real-world  applications  and  ensure  safe
deployment.  While  there  is  no  universally  accepted  criterion  for
parameter threshold for LLMs, this survey focuses on models with at
least several billion parameters, thereby distinguishing modern LLMs
from  earlier,  smaller-scale  language  models  such  as  BERT  and
BART.  This  section  introduces  key  concepts  and  background
necessary for understanding and building LLMs.

Transformer  architecture. Transformer  [12],  a  neural  network
architecture  built  entirely  on  attention  mechanisms,  has  become  the

cornerstone  of  LLMs.  In  contrast  to  traditional  recurrent  and
convolutional  neural  networks,  Transformers  explicitly  model
pairwise relationships between all elements in a sequence, leading to
significantly  enhanced  expressive  power.  This  design  yields  two
critical  benefits:  (1) inherent  parallelizability that  leverages  modern
parallel  computing  infrastructure,  and  (2) exceptional  scalability to
billions of parameters—both indispensable for cutting-edge language
model  development.  While  the  original  Transformer  employs  an
encoder-decoder  structure,  used  by  early  models  like  T5  [21]  and
BART [22], most contemporary LLMs (e.g., the GPT family) adopt a
causal decoder-only architecture [13,16]. An intermediate alternative,
known  as  the prefix  decoder (or non-causal  decoder)  [23,24],
modifies  the  causal  decoder  to  enable  bidirectional  attention  on
prefix  tokens  while  maintaining  unidirectional  masking  for
autoregressive  generation.  Despite  extensive  earlier  exploration  of
alternative designs, the causal decoder architecture has now become
the de facto standard for LLM development.

Training  paradigm. The  predominant  training  approach  for
modern language models is autoregressive language modeling, which
sequentially  predicts  each  token  in  a  text  via next-token  prediction
[16].  Despite  its  conceptual  simplicity,  this  formulation  offers  a
powerful  and  generalizable  method  for  learning  from  large-scale
unlabeled text.  Resembling multitask learning,  accurately  predicting
each  token  encourages  the  development  of  diverse  abilities  and
knowledge. When trained on vast and varied datasets,  this approach
enables LLMs to acquire versatile, transferable skills applicable to a
broad spectrum of real-world scenarios [21], underscoring the critical
role  of  data  engineering  in  the  pre-training  process.  In  this
framework,  task-solving  is  framed  as  a text  completion problem,
where a response is generated based on the given input. When scaled
sufficiently, this approach allows language models to address a wide
range of downstream tasks by learning to accurately reconstruct and
produce  natural  language.  Following  pre-training,  an  optional mid-
training phase  can  be  applied  to  further  strengthen  the  model’s
foundational  capabilities,  improving  subsequent  adaptation.  To
bridge  the  gap  between  foundational  training  and  practical

 

 
Fig. 2    An overview of pre-training, post-training, utilization and evaluation for LLMs
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deployment,  a  standard post-training stage  is  then  conducted.  This
stage  serves  two  main  purposes:  eliciting  the  model’s  underlying
capabilities  and  aligning  its  outputs  with  human  expectations  and
values [25]. The combination of pre-training (optionally enhanced by
mid-training)  and  post-training  has  established  the  prevailing
methodology for developing capable and aligned LLMs [26,27].

N D
C

L(X) =CX X−αX L(·)
X ∈ {N,C,D}

Scaling  law. Scaling  has  been  a  pivotal  factor  in  the  success  of
modern  language  models.  Early  research  formalized  these  scaling
effects  through train-time  scaling  laws,  modeling  performance  as  a
function of three key variables: model size ( ), dataset size ( ), and
training  compute  ( ),  for  neural  language  models  [14,18].  Given  a
fixed  compute  budget,  these  studies  empirically  fit  a  power-law
relationship: ,  where  denotes  the  cross  entropy
loss  in  nats  and .  Initial  scaling  laws  [14]  favored
allocating  more  resources  toward  increasing  model  size  over  data
size.  Subsequent  work  [18]  refined  this  view  by  advocating  for  a
more  balanced  scaling  of  model  and  dataset  sizes.  In  practice,
expanding  dataset  size  has  often  proven  highly effective—even
relatively small models show substantial improvements when trained
on  large,  high-quality  corpora  [26].  Nevertheless,  continued  scaling
faces significant challenges due to escalating computational costs and
the  scarcity  of  high-quality  data.  This  has  shifted  research  focus
toward test-time  scaling approaches  (e.g.,  OpenAI’s  o1  [28]  and
DeepSeek-R1 [29]), where enhanced model performance is achieved
through strategic allocation of additional inference-time computation—
essentially trading efficiency for enhanced capability.

Representative abilities. Unlike previous-generation models (e.g.,
BERT, BART), modern language models exhibit a broader and more
robust set of capabilities. These include general competencies such as
in-context  learning  (ICL)  [13],  chain-of-thought  (CoT)  [17]
reasoning, and instruction following [25], as well as task-specialized
skills  like  mathematical  reasoning  [30].  Early  literature  often
described  such  capabilities  as emergent  abilities,  defined  as
“capabilities  absent  in  smaller  models  but  present  in  larger  ones”
[31].  However,  this  view  has  increasingly  been  questioned.  Several
recent  studies  suggest  that  the  performance  jumps  originally
highlighted  as “emergent” largely  result  from  measurement  choices
and  limited  scale,  rather  than  from  a  fundamental  qualitative  shift
[32,33].  Moreover,  well-optimized  smaller  models  (e.g.,  Qwen2.5-
1.5B) can achieve proficiency comparable to early LLMs, indicating
that  sheer  scale  is  not  strictly  necessary  for  these  competencies.
Therefore,  we  propose  using  the  terms representative  abilities or
typical abilities to refer to these core proficiencies of modern LLMs.

As the  field  advances,  these  capabilities  continue  to  expand in  both
scope  and  sophistication,  progressively  redefining  the  perceived
limits of language models.

 ■ 3  Pre-training
In this section, we examine the fundamental components that enable
effective  pre-training  of  LLMs.  We  begin  with  data  preparation
(Section 3.1),  discussing  the  collection,  curation,  and  processing  of
training  corpora,  as  data  quality  and  scale  directly  govern  model
capability.  Next,  we  review  model  architectures  (Section 3.2),
focusing on design choices that balance expressivity, efficiency, and
scalability.  We  further  explore  training  techniques  (Section 3.3),
including  optimization  strategies,  parallelism,  and  stabilization
methods that ensure stable and efficient learning at scale. Finally, we
discuss  mid-training  techniques  (Section 3.4),  including  data  and
optimization  strategies.  Together,  these  elements  form  the  core
technical pipeline for building capable base models.

 ■ 3.1  Data preparation
The performance of LLMs is fundamentally dependent on the quality
of  their  pre-training  data.  Given  this  critical  dependency,  the
following  section  details  the  data  preparation  process  for  LLM pre-
training, which is illustrated in Fig. 3.

 ■ 3.1.1  Data source
Developing  a  capable  LLM  requires  a  diverse  mixture  of  text
datasets as the pre-training corpus. These datasets generally fall into
the following three categories.

General  text  data,  such  as  webpages  and  books,  is  utilized  by
most  LLMs  [13,15]  due  to  its  large-scale,  diverse,  and  accessible
nature.  In  particular,  webpages  have  become  the  primary  source  of
pre-training  data,  enabling  LLMs  to  acquire  rich  linguistic  and
factual  knowledge.  Existing  studies  primarily  extract  and  clean
webpages from CommonCrawl, such as FineWeb [34]. Additionally,
high-quality books (e.g., the Books3 and Bookcorpus2 datasets from
the Pile [35]) provide formal long-form texts, which are particularly
beneficial  for  modeling  long-term  dependencies  and  generating
coherent  outputs.  Other  sources  include  conversational  or  social
media data.

Specialized text data enhances LLM capabilities by incorporating
domain-specific  or  task-related  sources,  particularly  those  involving
scientific  reasoning  and  code  [26,29].  Scientific  text  drawn  from
arXiv  papers,  textbooks,  and  mathematical  resources  significantly
improve LLMs’ performance on scientific reasoning tasks [36]. Code

 

 
Fig. 3    An illustration of a typical data preparation pipeline for pre-training LLMs
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data (e.g., from Stack Exchange and GitHub) substantially enhances
program  synthesis  capabilities  [37,38].  Recent  trends  show  an
increasing  incorporation  of  reasoning-focused  data  in  pre-training
[26,39,40] (e.g., LLaMA-3.1).

Synthetic text data offers a practical way to enhance pre-training,
a  method  that  has  gained  widespread  adoption  in  model
development.  Typically,  it  is  used  to  improve  reasoning,
mathematical,  and  agentic  capabilities  (e.g.,  coding),  as  well  as  to
expand  the  knowledge  coverage  and  linguistic  diversity  of  existing
corpora. This kind of data can be generated in either document form
or as  question-answer pairs  by prompting capable  language models,
which may be general-purpose or specifically fine-tuned for the task
[41]. For enhancing the reasoning ability, large-scale CoT trajectories
will  be  collected  from  well-trained  LLMs,  then  integrated  into  the
training corpus after quality filtering. Furthermore, synthetic data can
be applied to refine existing text resources, such as by adding natural
language  descriptions  to  code  snippets  or  mathematical  problems
[26],  or  by  enriching  CoT  explanations  and  reflective  annotations
through the reuse of existing reasoning models [41].

 ■ 3.1.2  Data preprocessing
The preprocessing pipeline typically includes the following steps.

De-duplication eliminates  duplicate  content  from the  pre-training
data and can be applied at various granularities, including URL-level,
document-level, and sentence-level [39]. This process often leverages
efficient similarity measurement algorithms such as MinHash.

Filtering and privacy reduction aim to remove low-quality, toxic,
and  replace  personally  identifiable  information  (PII).  Approaches
include  both  trained  classifiers  [13,15]  and  human-designed
heuristics  (e.g.,  statistical  indicators  and  PII-detective  regular
expressions)  [39].  Due  to  the  vast  amount  of  data,  the  process
typically  involves  a  combination  of  powerful  classifiers  (e.g.,  fine-
tuned LLMs) and lightweight classifiers (e.g., FastText).

Tokenization converts  raw  text  into  model-readable  tokens.  The
most widely adopted method is byte-pair encoding (BPE) [42], which
iteratively  merges  frequent  byte  sequences  into  single  tokens.
Specialized  tokenization  strategies  can  further  enhance  performance
in  targeted domains—for  example,  digit-level  tokenization has  been
shown  to  improve  mathematical  reasoning  [43].  In  practice,  the
vocabulary size of LLMs typically ranges from 100K to 256K [44].
For  instance,  GPT-4o  employs  a  vocabulary  of  200K  tokens,  and
Gemma 2 uses 256K tokens [45].

 ■ 3.1.3  Data schedule
After preprocessing, it is essential to determine two key elements: the
overall  proportion  of  each  data  source,  referred  to  as  the data  mix,
and the order and relative weighting with which they are introduced
across multiple training phases, known as the data curriculum. In the
following,  we  detail  the  specific  techniques  used  to  configure  these
components.

Data  mix. During  data  preparation,  we  collect  training  data  from
multiple  datasets  across  various  categories.  Consequently,  selecting
an  appropriate  distribution  for  combining  these  sources  becomes
crucial.  Common  strategies  emphasize  enhancing  data  diversity

while  specializing  in  targeted  capabilities  [26,39,41].  Recent  LLMs
particularly  prioritize  reasoning-focused  capabilities,  allocating  a
significant proportion of their training data to such content. LLaMA-
3.1 allocates  25% of  its  tokens to mathematical  and reasoning tasks
and  17% to  code-related  content.  As  current  approaches  remain
largely  heuristic,  there  is  growing  interest  in  quantitatively
optimizing data mixtures [46,47]. The central idea is to optimize the
mixture via proxy models, which are typically much smaller in size.
Moreover,  the  performance  associated  with  different  data  ratios  can
be  extrapolated  using  scaling  laws,  fitted  either  from  limited  data,
smaller  models,  or  observed mixture ratios  [48].  A more recent  and
efficient  approach  reframes  model  merging  as  a  direct  proxy  for
mixture  optimization  [49].  This  method  interprets  the  merging
weights of domain-specialized models as optimal coefficients for the
data  mixture,  enabling  lightweight  mixture  search  and  substantially
reducing the computational cost of mixture optimization.

Data curriculum. In addition to establishing a global data mixture
(i.e.,  the  distribution  across  the  entire  pre-training  dataset),  it  is
essential  to  determine  an  appropriate  schedule  for  presenting  the
prepared  data  during  model  pre-training.  We  next  introduce  two
kinds of pre-training curriculum.

●  General  pre-training  curriculum.  A  common  strategy  involves
dividing the pre-training process into multiple phases (e.g., 27 phases
of 40B tokens for YuLan-Mini [41]) while systematically varying the
proportions of different data sources across these phases.  Generally,
data should be sequenced according to its inherent complexity, with
reasoning-focused data predominantly utilized in later phases. These
phase-specific  data  distributions  can  be  refined  through  empirical
evaluations  on  development  datasets  or  optimized  using  specialized
models. Crucially, the data distribution should change only gradually
between  training  phases  to  ensure  stability.  In  addition  to  curricula
that  rely  on  manually  designed  proxy  metrics  (such  as  data
complexity), recent work has explored approaches driven by training
signals.  For  instance,  In-Run  Data  Shapley  approximates  the  loss
difference before and after training via a Taylor expansion, enabling
real-time  estimation  of  each  data  point’s  contribution  with  little
additional  training  overhead  [50].  Motivated  by  this  idea,  OPUS
introduces  a  step-wise,  optimizer-aware  data  curriculum  and
leverages  soft  sampling  to  maintain  diversity  while  mitigating
redundancy  [51].  To  further  enhance  base  model  performance,
researchers  have  introduced  an  annealing  strategy  that  incorporates
specially curated data (e.g., instruction data) during the final stages of
pre-training while employing a decaying learning rate [52]. Empirical
evidence demonstrates that this annealing approach can substantially
improve  model  evaluation  performance  [39,41,52].  Similar
curriculum-based  strategies  can  be  effectively  applied  to  continual
pre-training  scenarios  (e.g.,  adapting  a  code  model  for  specialized
math  domains  through  increased  exposure  to  mathematical  data
[30]).

● Long-context pre-training curriculum. The deployment of LLMs
requires  handling  very  long  input  contexts,  whether  in  multi-turn
dialogues, lengthy documents, or even book-length inputs. Regarding
efficient  long-context  training,  it  typically  adopts  a  curriculum
learning  strategy  by  progressively  increasing  context  length.  For

Front. Comput. Sci., 2026, 20(12): 2012627

 
Frontiers of Computer Science  | Issue 12 | Volume 20 | December 2026 | 2012627-5



example,  Qwen2.5-1M  [26]  follows  a  four-stage  schedule  (i.e.,
32K → 65K → 131K → 262K) while maintaining a mix of 40% full-
length and 60% short sequences in each batch to prevent catastrophic
forgetting.  At  each  stage,  specific  text  data  of  the  expected  length
should be prepared accordingly. Typically, existing work upsamples
natural  long  texts  or  concatenates  short  text  data  from  the  same
distribution as the pre-training dataset to form long texts [53,54]. To
enhance the quality of long data, some metrics (e.g., attention scores,
perplexity and information gain) have been proposed to further select
texts  with  long-range  dependencies  [55,56].  Additionally,  achieving
long-context  modeling  at  scale  requires  architectural  adaptations,
where  position  encodings  (discussed  in Section 3.2.2)  should  be
adjusted to support the corresponding context length.

 ■ 3.1.4  Effect of pre-training data on LLMs
In  this  part,  we  discuss  how  the  pre-training  corpus  potentially
influences the performance of LLMs.

Data scaling. While the optimal allocation of resources to balance
model  and  data  scaling  has  been  explored  [18],  recent  empirical
evidence from leading language models strongly suggests that access
to  a  substantially  large  volume  of  high-quality  pre-training  data  is
essential  for  advancing  overall  model  capability.  As  documented  in
their  respective  technical  reports  [39,40,57],  prominent  open-source
models are typically trained on datasets ranging from 15 to 30 trillion
tokens,  with  commercial  proprietary  models  likely  utilizing  even
larger quantities. However, the global supply of suitable pre-training
data is  inherently limited.  Growing concerns suggest  that  LLM pre-
training may be approaching a ceiling as available high-quality data
sources near exhaustion [58]. While synthetic data offers a promising
solution,  it  risks  causing  model  collapse  or  stagnation  due  to  the
progressively  limited  new  information  introduced  during  iterative
distillation [59]. Recent advances presented in the seminal work “The
Era of Experiences” [60] propose a novel perspective where training
data can be generated by enabling LLM-based agents to interact with
real-world environments. Ultimately, securing sufficient quantities of
novel,  high-quality  data  remains  crucial  to  meet  the  escalating
demands of state-of-the-art LLMs.

Data  curation. LLMs  are  particularly  vulnerable  to  performance
degradation  from  low-quality  data  containing  spam,  noise,  and
duplicates  [61,62].  Consequently,  implementing  a  rigorous  data
curation process (as discussed in Section 3.1.2) becomes essential to
ensure  data  quality,  a  practice  well-documented  in  mainstream
LLMs’ technical  reports  [39,40].  These  preprocessing  steps  are
crucial  for  eliminating  low-quality  expressions  and  enhancing  the
overall  quality  and  robustness  of  pre-training  data.  Beyond  surface-
level  issues,  attention  must  also  be  paid  to  potential  ethical  biases
regarding  gender,  race,  and  opinions  present  in  the  source  material
[63,64]. Additionally, privacy concerns arise as specific prompts may
reveal  sensitive  information  about  individuals  or  organizations,
necessitating  careful  removal  during  pre-training.  Copyright
protection  has  emerged  as  another  critical  consideration  for
commercial  LLM  development,  particularly  as  data  has  become  a
protected  asset  for  content  producers  (e.g.,  The  New  York  Times’
newspaper  content).  Establishing  transparent,  well-controlled

mechanisms  that  balance  copyright  protection  with  reasonable  data
sharing  for  LLM  advancement  remains  an  ongoing  challenge
requiring careful attention.

 ■ 3.2  Architecture
The  Transformer  architecture  serves  as  the  foundation  of  modern
language  models.  This  section  reviews  recent  advances  across  its
core  components  and  alternative  designs,  with  representative
advances summarized in Table 1.

 ■ 3.2.1  Attention
The  core  of  the  attention  mechanism  lies  in  its  ability  to  explicitly
model relationships between any two tokens in a sequence, enabling
it  to  capture  sequence  semantics  more  effectively.  Its  expressive
power  is  further  enhanced  through  multi-head  projections,  which
map  hidden  states  into  queries,  keys,  and  values  across  multiple
subspaces.  However,  the  original  implementation  suffers  from
quadratic complexity with respect to sequence length, and storing the
full key-value (KV) cache for all attention heads imposes significant
memory overhead. We now turn to discuss important improvements
to the original Transformer architecture.

O(1)

Sparse  attention. Attention  modules  in  LLMs  exhibit  inherent
sparsity, with most attention concentrated on a limited set of tokens.
To  leverage  this  property,  sparse  attention  mechanisms  have  been
developed, allowing each query to attend to only a selected subset of
keys and values instead of the entire sequence. In particular, location-
based  sparse  attention  restricts  each  token’s  attention  to  specific
positions,  such  as  initial  tokens  and  those  within  a  recent  sliding
window, achieving  inference and memory overhead [68,77]. To
address  the  limitation  of  location-based  methods  in  capturing  long-
range  dependencies,  another  approach  partitions  sequences  into
blocks  and  selects  those  most  relevant  to  the  current  token  for
attention computation, as seen in methods such as MoBA [69], NSA
[70],  DSA [78],  and HySparse  [79].  Sparse  attention  is  now widely
integrated into LLMs to enhance computational efficiency, including
models like MiniCPM4 [80], Kimi [69], and DeepSeek V3.2 [78].

Attention  grouping  and  compression. Another  line  of  research
focuses  on  grouping  or  compressing  attention  heads  to  reduce
computational  and  memory  demands.  Intra-layer  attention  grouping
methods (e.g., GQA [65], MQA [66]) typically partition the attention
heads  within  a  layer  into  several  groups,  with  heads  in  the  same
group  sharing  their  key  and  value  projection  matrices  and  the
associated  KV  cache.  Additionally,  cross-layer  attention  grouping
approaches  reuse  the  KV  cache  or  even  the  attention  scores  from
earlier  layers  in  subsequent  layers,  further  reducing  memory  and
computational  costs  [81,82].  Attention  decomposition  techniques,
such  as  MLA  [67],  TPA  [83],  and  MFA  [84],  apply  low-rank  or
tensor  decompositions  to  queries,  keys,  and  values,  achieving  a
balance between efficiency and performance. For example, GQA has
been  adopted  by  LLaMA-3.1  and  Qwen2,  while  MLA  has  been
employed in DeepSeek-V3.

Linear  attention. As  the  required  context  length  continues  to
grow,  linear  attention  (LA)  [71]  has  re-emerged  as  an  attractive
attention alternative with sub-quadratic complexity. Throughout both
training  and  inference,  linear  attention  maintains  only  a  fixed-size
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matrix-valued  recurrent  state,  which  is  updated  recurrently  to  learn
the  mapping  from  keys  to  values.  From  an  online-learning
perspective,  these  models  can  be  broadly  categorized  into  three
progressive generations. The first generation, including RetNet [85],
Lightning  Attention  [86,87],  and  RWKV-4  [88],  updates  the  state
using  a  data-independent  forget  gate.  This  is  equivalent  to  adding a
Frobenius-norm penalty on the state to the online-learning objective.
Building on this, the second-generation models such as Mamba [72]
and Mamba-2 [89] employ a data-dependent forget gate, which helps
mitigate  the  forgetting  dilemma.  Most  recently,  the  third  generation
[90–93]  adopts  the delta  rule as  the  state-update  equation:  old
memory  is  first  removed  from  the  state,  and  then  new  memory  is
added  [73].  This  corresponds  to  changing  the  online-learning
objective  from  an  inner-product  loss  to  a  squared  loss,  thereby
preventing  the  state  from  diverging  to  infinity.  Despite  successive
generations of development, linear attention still faces a fundamental
trade-off  between memory capacity and expressiveness.  As a result,
most  models,  such  as  MiniMax-M1  [94],  Qwen3-Next  [95],  and
Kimi  Linear  [92],  mix  linear  attention  with  full  attention  at  a  fixed

ratio,  typically  3:1.  Recently,  an  alternative  line  of  research  has
sought  to  enhance  expressiveness  through  nonlinear  RNN-based
models [96–98], which remain less widely adopted in practice due to
the additional effort required to attain computational efficiency.

Other  enhancement  techniques. Beyond  efficiency-focused
variants,  another  technical  direction  seeks  to  address  inherent
limitations within the attention mechanism itself,  aiming to enhance
its expressive capability. Existing research has identified issues such
as attention  sinks — a  tendency  for  attention  to  disproportionately
focus  on  a  small  set  of  initial  tokens  [77].  To  mitigate  this,
approaches like learnable sink tokens,  query-key normalization,  and
element-wise  sigmoid gating have been proposed [99,100].  Another
important  challenge  is attention  dilution,  where  attention  weights
become diffused across irrelevant tokens as context length grows. To
counteract  this,  recent  work  introduces  techniques  such  as  length-
dependent  scaling  and  modified  attention-scoring  functions
[101,102],  focusing  on  critical  information  and  promoting  the
emergence of sparse attention patterns.
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Table  1    Detailed  formulations  for  the  representative  network  configurations  of  LLMs.  Here,  for  MoBA  and
 for NSA, where  is  the block size and  is the block index,  are token-wise scores that control the

ratio of each attention in NSA,  denotes the size of hidden states,  denotes position embedding at position ,  denotes the attention score
between a query and a key,  denotes a learnable scalar based on the offset between the query and the key, and  denotes a rotary matrix
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 ■ 3.2.2  Positional encoding (PE)
To capture positional information, vanilla Transformer uses absolute
PEs,  which  are  added  to  the  input  token  embeddings.  However,
absolute PEs struggle to represent relative positions and generalize to
longer  sequences.  This  limitation  has  prompted  research  into
improved methods for PEs, as discussed below.

Rotary  PE  (RoPE). RoPE  [74]  is  a  fundamental  component
widely  adopted  in  modern  language  models,  employing  specific
rotary matrices based on the absolute position of each key or query. It
allows  scores  between  keys  and  queries  to  be  computed  using
relative  position  information.  Furthermore,  the  context  windows  of
RoPE-based  models  can  be  extended  by  preventing  out-of-
distribution  rotary  angles.  Some  methods,  such  as  PI  [103]  and
SelfExtend [104], reorganize positional indices to ensure they remain
within  context  lengths.  Meanwhile,  another  line  of  research,
including  ABF  [105],  YaRN  [101],  and  LongRoPE  [106],  modifies
the  basis  of  rotary  matrices  to  achieve  different  interpolation  ratios
across  dimensions,  enabling  longer  context  windows.  For  example,
Qwen2.5-7B  adopts  RoPE  and  further  employs  ABF  to  support  a
context window of 128K tokens.

Length extrapolation PE. Relative PEs [21] typically incorporate
position-based  biases  into  attention  values,  enabling  models  to
process text beyond their original context length, a capability known
as length  extrapolation.  To  further  enhance  this  ability,  various  PE
methods introduce a linear penalty factor proportional to the relative
distance  to  adjust  the  attention  scores,  encouraging  greater  reliance
on  local  information  (e.g.,  ALiBi  [75]  and  KERPLE  [107]).  For
example,  ALiBi  has  been  adopted  by  BLOOM  [108]  for  achieving
strong  extrapolation  capabilities.  However,  research  has
demonstrated  that  these  methods  approximate  sliding-window
attention, which still struggles to utilize long-range information from
previous  contexts  [109].  Thus,  designing  better PE—both
theoretically  and empirically—to achieve  effective  length
extrapolation and efficient utilization of global information under an
infinite context window remains a key challenge for future research.

Contextualized  PE. To  achieve  more  powerful  representational
capacities,  recent  research  has  proposed  contextualized  PE  that
incorporate semantic information. One class of methods builds upon
relative  PE  by  integrating  positional  and  semantic  information  to
compute  bias  values  and  vectors  [76].  Alternatively,  another
approach treats PEs as hidden states, which are dynamically updated
through interactions with semantic representations [110].

 ■ 3.2.3  Mixture-of-Experts (MoE)
Benefiting from efficient parameter scaling, the MoE architecture has
been  widely  adopted  as  a  replacement  for  standard  feed-forward
network  (FFN)  modules  in  LLMs.  Typically,  each  MoE  layer
consists of a gating function, commonly referred to as a router, and a
set  of  expert  sub-networks.  During  each  forward  pass,  the  router
dynamically  selects  a  sparse  subset  of  experts  for  activation  and
computation.  In  the following,  we discuss  how this  architecture  can
be adapted and optimized for LLM development.

Gating  function. Given  an  input  token  representation,  the  gating
function  maps  it  to  a  gating  value  for  each  expert  and  selects  the

k

k
p

experts  with  the  highest  values  for  activation.  Notably,  early  large
MoE  models,  like  Mixtral  [111],  typically  chose  top-  experts  and
employed the softmax function to compute the final gating values. To
reduce  communication  when  distributing  experts  across  different
devices  using  expert  parallelism,  device-limited  routing  has  been
introduced  [67],  which  first  selects  a  small  number  of  devices  and
then  applies  top-  selection  only  to  the  experts  on  those  devices.
Additionally, some research employs the top-  sampling, also called
nucleus  sampling,  to  dynamically  allocate  the  number  of  activated
experts  per  token  [112].  Beyond  the  selection  strategy,  new
activation functions of the router (e.g., sigmoid) have been proposed
to  avoid  expert  competition  and  achieve  improved  performance
[113].

Expert. MoE models  typically  activate  a  relatively  small  number
of  routed  experts  (e.g.,  8  experts  in  Mixtral  [111])  per  layer,  with
each  expert  being  an  FFN.  To  reduce  redundancy  among  experts,
some recent MoE models (e.g., DeepSeek-V3 [40]) introduce shared
experts  and  replace  large  experts  with  multiple  smaller  fine-grained
experts.  Additionally,  since  shallow  layers  are  more  general  than
deep layers, allocating more experts to the deep layers can effectively
enhance the model’s performance [114]. In addition to using FFNs as
experts,  some  research  explores  constant  vectors  or  memory  layers,
which help reduce computation and improve performance [115].

Load balancing. During  MoE training,  it  is  important  to  balance
the training across experts to ensure they are sufficiently trained. For
this  purpose,  an  auxiliary  loss  is  commonly  introduced  to  achieve
load  balancing  among  experts,  typically  minimizing  the  product  of
activation  frequency  and  average  gating  scores  across  all  experts
[111]. Such an auxiliary loss can be applied at different granularities
(e.g.,  at  mini-batch,  device,  and  sequence  levels  [40,67]),  thereby
improving  communication  efficiency.  However,  excessive  auxiliary
losses at the mini-batch level may harm the model’s performance. To
mitigate this negative impact,  some work expands the auxiliary loss
from  the  mini-batch  level  to  the  global-batch  level  [116].
Additionally,  an  auxiliary-loss-free  load  balancing  method has  been
proposed,  which  dynamically  adjusts  a  bias  term  and  combines  it
with  the  gating  value  to  determine  routing  [40].  Apart  from  these
routing strategies, recent studies also suggest that certain optimizers,
such as Muon [117], may implicitly assist in load balancing [118].

 ■ 3.2.4  Alternative architecture design
Beyond standard architectural enhancements, the recent literature has
introduced  a  number  of  emerging  designs  aimed  at  improving
Transformer performance.

●  Residual  connection.  Typically,  existing  LLMs  use  residual
connections  to  create  direct  pathways  for  gradients  and
representations  during  training,  thereby  improving  optimization
[119,120]. However, recent work finds that the design of the vanilla
residual  connection  may  cause  unstable  training  in  deep  networks
[99,121].  Thus,  they  add  a  scaling  factor  to  the  residual  stream  or
adjust  the  placement  of  normalization  within  the  residual
[12,122,123].  In  addition,  a  recent  line  of  work  (e.g.,  Hyper-
Connections [124] and mHC [125]) has identified the phenomenon of
representation collapse in existing residual designs and expanded the
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width  of  the  residual  stream.  These  approaches  maintain  multiple
independent streams, dynamically combine them as input, and update
them  based  on  layer  outputs,  which  significantly  enhances  model
performance.

n

●  Memory  augmentation.  To  scale  model  capacity  under  limited
computational  budgets,  memory-augmented  architectures  offer  an
alternative  to  standard  MoE.  These  methods  maintain  large
parameterized  KV pairs  and  activate  subsets  dynamically  according
to  the  current  hidden  state  [126–128].  Other  approaches  integrate
embedding  modules  in  each  layer  and  trigger  them  based  on  the
current  token  and  local -grams  [129,130].  Such  embeddings  can
reside  on  CPU  memory  and  be  transferred  to  the  GPU  only  upon
activation, keeping device memory usage low.

●  Looped  Transformer.  As  an  important  extension,  recurrent
mechanisms  have  been  incorporated  into  Transformer  architectures
[131–133] by reusing weights across layers. This approach has been
shown  to  improve  the  performance  of  smaller  models  on  certain
reasoning  tasks  such  as  ARC-AGI.  However,  existing  looped
Transformer methods generally  remain less  competitive on standard
benchmarks.  Extending  looped  designs  to  larger-scale  models
represents a promising direction for further advancing the reasoning
capabilities of LLMs.

●  Diffusion  language  models.  In  addition  to  the  autoregressive
(AR)  paradigm,  the  training  objective  of  masked  language  models
has  been  successfully  adapted  to  natural  language  modeling,  giving
rise  to  diffusion  language  models  (DLMs)  [134].  DLMs  inherently
support high computational parallelism in predicting multiple tokens
at  one  time,  but  they  are  often  compute-bound  during  decoding,
requiring  more  FLOPs  per  token  and  thus  limiting  their  practical
efficiency.  To  address  this  issue,  block  based  diffusion  [135]  has
gained  attention  in  the  literature,  which  combines  the  strengths  of
both  AR and  diffusion  approaches  with  in-block  parallel  and  cross-
block AR decoding.

 ■ 3.3  Training techniques
For pre-training, the collected text data is first tokenized and packed
into sequences of a predefined context length. Model parameters are
then  initialized  and optimized  over  the  training  data  using  language
modeling  loss.  Throughout  training,  maintaining training  stability
while improving training efficiency are crucial issues that distinguish
LLM pre-training from conventional model training. This subsection
first  introduces  general  training  configurations,  then  discusses
efficient training strategies designed to address these challenges.

 ■ 3.3.1  Training configuration
Compared  with  small  models,  pre-training  LLMs  are  more
challenging,  as  abnormal  optimization  issues  may  frequently  occur
during the process. To address this, we must carefully configure the
optimization settings and adopt stabilization techniques for training.

Optimization  configurations. Based  on  extensive  studies,
empirical  guidance  has  accumulated  for  setting  hyperparameter
configurations,  including  batch  size,  learning  rate,  and  optimizer
choice. For batch training, existing studies [140] typically implement
a dynamic schedule that gradually increases the batch size, eventually

6×10−5

µ

reaching  a  scale  of  millions  of  tokens.  For  learning  rate,  LLMs
commonly adopt a combination of warm-up and decay strategies. In
earlier  work,  researchers  often  selected  the  batch  size  and  learning
rate based on empirical observations (e.g., a batch size of 3.2M and a
learning  rate  of  [13]).  More  recently,  researchers  have
explored  scaling  laws  for  batch  size  and  learning  rate,  deriving
formal relationship functions to determine these parameters based on
model  size  and dataset  size  [141]:  a  recent  study has  found that  the
optimal learning rate follows a power law with respect to model and
dataset  size,  while  the  optimal  batch  size  primarily  depends  on
dataset size. Another commonly used optimization strategy is the P
parameterization  (Maximal  Parameterization  Update),  which  allows
hyperparameters (e.g.,  learning rate) tuned on small-sized models to
be directly transferred to larger models [142,143].

β1 = 0.9 β2 = 0.95 ϵ = 10−8

µ

Optimizers. Regarding  the  optimizer,  Adam  and  AdamW  are
commonly  used  in  LLM  training,  typically  with  the  following
hyperparameters  [27]: , ,  and .
Additionally,  efforts  have  been  made  to  improve  the  efficiency  and
reduce  the  memory  consumption  of  Adam,  leading  to  improved
optimizers such as Adafactor [144] and Adam-mini [145]. Recently,
a new class of spectral-norm based optimizers has been increasingly
adopted  in  large-scale  training  (e.g.,  Shampoo  [146],  SOAP  [147],
and  Muon  [117,148]).  Shampoo  and  Muon  share  similar  designs  in
their update rules, and Muon introduces Newton–Schulz iterations to
avoid  the  expensive  SVD  computation.  Prior  work  typically  treats
optimization  hyperparameters  and  optimizer  configurations  as
independent  design  choices.  A  promising  co-design  direction  is  to
adjust  model  parameters  during  optimization  updates  to  satisfy  the

P condition [142]. Building on this idea, the SSO optimizer retracts
each Muon update onto the spectral sphere of the parameter weights
[118]. This retraction effectively imposes a soft manifold constraint,
thereby ensuring stable training dynamics.

z

Stabilization  techniques. During  training,  LLMs often  encounter
abnormal training issues such as loss spikes or collapse.  It  is  key to
adopt  suitable  techniques  for  stabilizing  the  model  training.  First,
model initialization plays an important role in training stability. It is
recommended  to  initialize  each  module’s  parameters  using  distinct
scaling  factors,  taking  into  account  accumulation  and  model  depth
[13,41]. Furthermore, weight decay and gradient clipping are widely
adopted [40]. In most existing LLMs, gradient clipping is commonly
set with a threshold of 1.0, while the weight decay rate is typically set
to  0.1.  Moreover,  techniques  such  as  sequence  length  warm-up  and
-loss  regularization  have  also  been  shown  to  mitigate  abnormal

gradient  behavior  and  enhance  training  stability  [41].  In  addition,
researchers  propose  building  a  predictable  framework  for  training
LLMs  [44].  Specifically,  pre-training  can  be  started  with  a  small-
sized model and a subset of the dataset, and the training of LLMs can
be monitored by referring to the extrapolated performance according
to the fitted scaling laws.

 ■ 3.3.2  Scalable training
As  model  and  data  scales  increase,  efficiently  training  LLMs  poses
significant  challenges.  In  particular,  two  key  issues  must  be
addressed:  fitting  large  models  into  GPU  clusters  and  improving
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training  throughput.  We  summarize  the  training  details  of  several
representative LLMs in Table 2. In the following, we review several
key techniques that tackle these challenges.

Parallel  training. To scale the training of LLMs across hardware
clusters,  various  forms  of  parallelism  have  been  developed,  each
targeting  different  computational  or  memory  bottlenecks  [149,150].
These  include  data  parallelism,  which  replicates  models  across
devices and distributes input batches; tensor parallelism, which splits
parameter  matrices  across  devices;  pipeline  parallelism,  which
assigns  consecutive  layers  to  different  devices;  model  parallelism,
which  refers  to  the  combination  of  pipeline  parallelism  and  tensor
parallelism;  context  parallelism,  which  partitions  long  input
sequences for distributed attention computation [151,152]; and expert
parallelism, which distributes MoE experts across devices for parallel
execution.  These  parallelism  strategies  are  typically  supported  by
libraries such as DeepSpeed and Megatron. Additionally, specialized
strategies  can  be  developed  according  to  GPU  properties.  For
example,  DeepSeek-V3  [40]  introduces  DualPipe,  a  technique  that
reduces  pipeline  bubbles  by  overlapping  forward  and  backward
computation  with  communication  phases.  Additionally,  the
collaborative  hardware  and  software  design  is  also  necessary  to
further  break  the  bottleneck  for  training  and  inference  acceleration
[153].

ZeRO. The zero redundancy optimizer (ZeRO) [154] addresses the
problem of memory redundancy in data parallelism. It retains only a
fraction of model and optimizer parameters on each GPU, while the
rest  can  be  retrieved  from  other  GPUs  when  required.  Specifically,
ZeRO  introduces  three  optimization  levels  based  on  which
components  are  partitioned:  optimizer  state  partitioning  (ZeRO-1),
gradient  partitioning  (ZeRO-2),  and  parameter  partitioning  (ZeRO-
3), which provides increasing levels of memory savings. ZeRO-1 and
ZeRO-2  introduce  minimal  additional  communication  overhead,
while ZeRO-3 incurs about 50% more communication cost but yields
greater  memory efficiency.  In  scenarios  with  limited GPU memory,

additional  strategies  such  as  offloading  [155]  and  ZeRO-Infinity
[156] can be employed. These approaches offload computation-light
optimizer  states  to  CPU  memory  and  high-speed  storage,
respectively, to further reduce GPU memory usage. Note that, unlike
Adam,  optimizers  based  on  gradient  spectral  norms  (e.g.,  Muon)
require  full  matrix  representations,  which  necessitates  additional
parameter  sharding  strategies  in  their  corresponding  ZeRO
implementations [148].

Communication  optimization. As  the  scale  of  GPU  clusters
increases, inter-GPU communication in distributed training becomes
a  dominant  contributor  to  end-to-end  training  time.  Most
communications  are  handled  by  highly  optimized  collective
communication  libraries  (such  as  NCCL  [157])  and  can  be  further
optimized  through  operator  selection  and  computation  overlapping.
For  example,  changing  the  MoE  communication  operator  from  all-
gather  to  all-to-all  can  avoid  redundant  data  distribution,  thereby
reducing  communication  volume  [150,158].  Furthermore,  training
efficiency  can  be  improved  by  overlapping  computation  and
communication  in  specific  scenarios,  such  as  general  matrix
multiplication (GEMM) and all-to-all sequence in expert parallelism
[159], or GEMM followed by AllReduce and ReduceScatter in tensor
parallelism  [149].  However,  collective  communication  is  typically
initiated by the CPU and operates at a coarse granularity, leading to
suboptimal  efficiency.  Leveraging  NVIDIA  InfiniBand  GPUDirect
Async (IBGDA [160]), DeepEP implements a GPU-initiated, token-
level  communication  method  for  expert  parallelism.  This  approach
enables fine-grained communication without the need to wait for the
completion of the entire token packing process [161].

Kernel  optimization. To  mitigate  the  performance  bottlenecks  in
dynamic graph execution, many deep learning systems leverage low-
level GPU programming libraries and languages (e.g., CUDA [162],
Triton  [163],  TileLang  [164],  and  CUTLASS  [165])  to  implement
their most performance-sensitive kernels. These kernel optimizations
combine  the  strengths  of  such  tools  to  better  exploit  GPU  memory

  
Table 2    Training details of LLMs. CL refers to context length. DP, PP, TP, MP, CP, and EP denote data, pipeline, tensor, model, context,
and expert parallelism, respectively. The numbers preceding each type of parallelism indicate the degree of parallelism used

Model Architecture #Parameter #Token CL Precision Hardware Parallel training

GPT-3 [13] Dense 175B 300B 2K FP16 V100 MP

PaLM [15] Dense 540B 780B 2K BF16 6144 TPUv4 512DP+12MP

Mixtral [111] MoE 47B 1.5T 32K BF16 − MP+EP

LLaMA-3.1 [39] Dense 405B 15T 128K BF16 16K H100 8DP+8TP+16PP+16CP

Qwen2.5 [26] Dense 72B 18T 128K BF16 − −

DeepSeek-V3 [40] MoE 671B 14.8T 128K FP8 2048 H800 16PP+64EP

Gemma 3 [136] Dense 27B 14T 128K BF16 6144 TPUv5p 24DP+32MP+8CP

Qwen 3 [57] MoE 235B 36T 128K FP8 − −

Step 3.5 Flash [137] MoE 196B 17.2T 128K BF16 4096 H800 DP+8PP+8EP

GLM 4.5 [138] MoE 355B 23T 128K BF16 − −

Kimi K2 [139] MoE 1T 15.5T 128K BF16 H800 DP+16PP+16EP
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bandwidth and computational resources. For example, FlashAttention
[166–167]  uses  CUDA  kernels  that  fuse  block-wise  matrix
multiplication  with  an  online  softmax  computation,  to  reduce  the
quadratic  time  and  memory  complexity  in  the  sequence  length  of
vanilla  self-attention.  To  further  enhance  computational  utilization,
the kernel pipeline is subsequently redesigned to overlap non-GEMM
operations within the softmax layer with the asynchronous WGMMA
instructions  for  GEMM  [168].  Furthermore,  DeepGEMM  [169]
improves  matrix  multiplication  utilization  by  taking  advantage  of
architectural advancements in Hopper. Other popular training kernels
[170–173] also markedly speed up specific algorithms like MLA and
Linear Attention.

Mixed  precision  training. In  earlier  language  models  such  as
BERT  [11],  32-bit  floating-point  (FP32)  precision  was  standard
during pre-training. To reduce optimization costs, subsequent studies
[174]  explored  using  16-bit  floating-point  (FP16)  precision,  which
decreases  both  memory  consumption  and  computational  overhead.
However,  research  has  demonstrated  that  FP16  can  compromise
computational  accuracy  [108].  To  mitigate  this,  the Brain  Floating
Point  (BF16) format  was  adopted,  which  allocates  more  bits  to  the
exponent  and  fewer  to  the  significant  parts,  thereby  improving
numerical representation accuracy. Most recently, DeepSeek-V3 [40]
has  implemented  FP8  training,  utilizing  FP8  for  computation-
intensive  GEMM  while  maintaining  BF16  or  FP32  for  critical
operations to preserve numerical stability. To enable lower numerical
precision,  fine-grained  scaling  factors  are  introduced  to  normalize
values  within  each  module  before  quantization,  preserving  dynamic
range  under  reduced  bit-width.  For  example,  MXFP4,  as  used  in
GPT-OSS  [100],  adopts  a  microscaling-based  representation  [175].
Recent  hardware  architectures,  such  as  NVIDIA’s  Hopper  and
Blackwell,  also  provide  native  support  for  such  low-precision
numerical formats.

 ■ 3.4  Mid training
Although  pre-training  establishes  a  broad  foundation  for  LLMs,  it
often  falls  short  of  preparing  models  for  advanced,  domain-specific
tasks such as mathematics,  coding, or agentic reasoning. To address
this  gap, mid-training (also  referred  to  in  earlier  literature  as
continual pre-training) has emerged as a widely-adopted practice for
boosting  downstream  performance.  By  integrating  large-scale,
domain-curated  data  into  the  training  pipeline,  mid-training  enables
models  to  refine  and  strengthen  their  proficiency  in  targeted
capabilities.

 ■ 3.4.1  Mid-training data
Mid-training aims to bridge the gap between general pre-training and
downstream  performance  by  exposing  models  to  data  that
systematically  covers  a  wider  spectrum  of  target  capabilities,
particularly  those  that  are  challenging  to  distill  from  general  web
corpora  alone,  such  as  mathematical  reasoning,  competitive  coding,
long-context understanding, and agentic tasks [137,138].

Early methods for mid-training data curation prioritized high-value
sources  by  up-sampling  domain-specific  corpora  and  curated
reasoning data, particularly those with CoT trajectories, to strengthen

relevant  analytical  and  reasoning  capabilities  in  specific  domains
[30,176].  As  research  expanded  toward  more  interactive  and  multi-
step  tasks,  recent  studies  have  incorporated  agentic  tasks,  often  by
generating corresponding trajectories,  to better train models on such
scenarios  [137–138].  To  more  efficiently  determine  optimal  data
mixtures,  recent  methods  such  as  MergeMix  first  train  domain-
specific models, then employ model merging to learn the weights that
define the final data blend [49].

To achieve sufficient scale while preserving quality,  modern mid-
training  mixtures  increasingly  rely  on  large-scale  synthetic  data,
where  constraints  such  as  atomic  skill  definitions  or  curriculum
structures  guide  the  synthesis  process.  For  example,  GLM-4.5
organizes  its  mid-training  into  structured  data  blocks  that  combine
extensive  code  corpora,  synthetic  reasoning  tokens,  and  long-
context/agentic  trajectories,  progressively  broadening  competence
across  tasks  [138].  Techniques  like  best-fit  packing  are  also
employed  at  this  stage  to  maximize  the  utility  of  the  training  data
[138,177].  A  similar  curriculum-based  scaling  is  seen  in  Step-3.5-
Flash  [137],  which  trains  on  nearly  one  trillion  tokens  through  a
staged  sequence  from  general  texts  to  code,  tool-use,  long-context,
and finally agent-specialized data. This progressive design stabilizes
distribution shifts while building agentic and long-context reasoning
abilities.

Together,  these  methods  reflect  a  continued  shift  toward
systematic, scalable, and quality-aware data curation in mid-training.

 ■ 3.4.2  Training strategy
As  discussed  earlier,  mid-training  typically  uses  data  with  distinct
characteristics  in  length,  quality,  and  distribution.  Consequently,
training strategies must be adapted accordingly during this phase.

2×10−5

7.3×10−6

Hyperparameter  schedule. A  common  practice  for  the  learning
rate schedule after pre-training is to apply annealing during the mid-
training phase, typically in conjunction with higher-quality data [178]
(see Section 3.1.3 for  details).  Notably,  some  studies  reset  the
learning  rate  schedule  to  its  initial  phase  (starting  from  zero),
initiating  a  new  warmup-stable-decay  (WSD)  cycle  during  mid-
training. For example, Step-3.5-Flash warmed up from 0 to 
over the first 3% of iterations, kept constant in mid-training stage 1,
and  decayed  to  in  mid-training  stage  2  [137].  Although
annealing  can  improve  performance,  its  impact  on  learning  rates
often  complicates  subsequent  training  stages.  To  address  this
limitation, recent studies propose to simulate the effect of annealing
through  model  merging  while  maintaining  a  constant  learning  rate
throughout training [179]. This approach offers greater flexibility and
has demonstrated promising results, in some cases matching or even
exceeding  the  performance  of  traditional  annealing  schedules.
Moreover, as the model parameters have largely stabilized, the mid-
training stage often reduces the weight of the multi-token prediction
(MTP) loss and disables the expert parallelism group balance loss to
maximize training performance [180].

Reasoning foundation enhancement. Mid-training is increasingly
tailored to strengthen reasoning and agentic capabilities, particularly
in  backbone  models  designed  to  support  deep  thinking.  This  stage
serves as a critical foundation for cultivating these advanced abilities,
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setting  it  apart  from  the  broader,  more  general-purpose  pre-training
that establishes baseline linguistic and world knowledge. A prevalent
strategy is to substantially enrich the training corpus with reasoning-
intensive  data,  such  as  mathematical  problems  and  code,  and  more
recently,  large-scale  integration of  agentic  task  data  has  also  gained
traction [78,137]. A key format for such data is long CoT trajectories,
which help build foundational capacities during mid-training that are
essential for effective post-training of reasoning models. This fosters
a tighter feedback loop between mid-training and post-training: mid-
training  injects  and  expands  foundational  reasoning  capacities,
enabling  models  to  internalize  new  reasoning  strategies  as  they
evolve,  while  post-training  incentivizes  effective  behavior  patterns.
Finally,  mid-training  can  be  typically  organized  as  a  staged
curriculum,  allocating  dedicated  token  budgets  across  different
reasoning  and  planning  skills  so  that  competence  grows
progressively while minimizing destabilizing distribution shifts.

Long-context  adaptation. Another  key  objective  of  mid-training
is to extend the model’s context length to support downstream tasks,
as  expanding  context  during  early  pre-training  is  prohibitively
resource-intensive.  This  practice  has  become  standard  for  most
mainstream  LLMs  and  requires  specific  adaptation  strategies.  For
example,  some  methods  apply  techniques  like  ABF  to  adjust  the
rotary  base,  better  aligning  positional  encoding  with  longer  training
contexts  [137,138].  Architectural  modifications  can  further  improve
efficiency: DeepSeek-V3.2 [78], for instance, switches from the full
attention used in pre-training to a sparse attention mechanism during
mid-training.  This  strategy  preserves  the  model’s  core  capabilities
while  significantly  reducing  the  computational  cost  of  long-context
adaptation.  Beyond  architectural  adjustments,  effective  long-context
adaptation  also  requires  sufficient  exposure  to  long  sequences.  In
practice, most open-source models perform mid-training on data with
context  lengths  ranging  from  32K  to  200K  tokens.  A  length-based
curriculum  is  commonly  adopted,  wherein  the  context  window  is
progressively  extended  during  training.  Moreover,  achieving  the
model’s  maximum  context  length  typically  requires  a  substantial
amount  of  dedicated  training  (e.g.,  50B  tokens)  [138].  For  further
details  on  the  composition  of  mid-training  data,  we  refer  readers  to
the discussion in Section 3.4.1 and Section 3.1.3.

 ■ 4  Post-training
This  section  focuses  on  post-training  techniques  that  adapt  pre-
trained  models  to  improve  their  effectiveness  on  downstream  tasks
and  enhance  alignment  with  human  preferences  in  real-world
deployment. We first introduce the supervised fine-tuning techniques
(Section 4.1),  from  the  perspectives  of  data  collection,  dataset
composition,  and  effect  discussion.  Then,  we  review  reinforcement
learning  techniques  (Section 4.2),  focusing  on  the  design  of  reward
models,  optimization  criteria,  and  algorithms.  Finally,  we  compare
the  two types  of  techniques  and discuss  their  industrial  applications
(Section 4.3). Figure 4 shows the pipeline of LLM post-training.

 ■ 4.1  Supervised fine-tuning
Generally, supervised fine-tuning (SFT) refers to the training process
of  pre-trained  models  on  instruction-formatted  datasets  in  a

supervised manner,  which is  also known as instruction tuning [181]
in  the  literature.  This  aims  to  enhance  the  models’ ability  to  follow
human  instructions  and  elicit  the  underlying  capabilities  of  base
models.  In  the  following  sections,  we  focus  on  discussing  how  to
conduct effective supervised fine-tuning.

 ■ 4.1.1  Data collection
An instruction-formatted  instance  (a.k.a., instruction  data)  typically
consists of a task description, an optional input, and a corresponding
output.  For  constructing  instruction  data,  early  research  primarily
adapts  traditional  NLP  datasets  through  human  annotation  (as
exemplified  by  FLAN  [181]),  while  subsequent  work  adopts  real
human  instructions,  following  InstructGPT  [25].  Since  both
approaches  require  considerable  effort,  recent  studies  have
increasingly focused on synthesizing instruction data using LLMs, as
discussed below.

General  instruction  synthesis. Recent  advancements  have
automated  the  generation  of  instruction  data  using  LLM-based
synthesis  and  refinement  of  datasets.  This  process  typically  starts
with human-written seed examples that guide LLMs to generate new
instructional data through iterative prompting and filtering (e.g., Self-
Instruct  [182]).  Given  the  critical  impact  of  data  quality  on
instruction tuning performance,  researchers  are increasingly focused
on  enhancing  instruction  datasets.  Current  approaches  use  carefully
crafted  prompts  to  direct  advanced  LLMs  in  refining  instructions,
focusing on three key aspects: improving complexity and diversity by
adding  constraints  or  broadening  topics  [183],  integrating  external
knowledge  sources  such  as  topic  taxonomies  [184],  and  better
aligning with human intents through principle guidance [185].

Long-CoT  instruction  synthesis. OpenAI’s  o1  [28]  and
DeepSeek-R1  [29]  have  gained  attention  from  the  research
community  for  their  ability  to  perform  deep  reasoning  through
substantially  extended  CoT  processes.  Following  this  direction,
researchers  have  proposed  several  methods  for  synthesizing
instructions  that  elicit  long-CoT reasoning.  Long-CoT instances  can
be  generated  using  in-context  learning  with  the  corresponding
demonstrations  based  on  powerful  LLMs.  Additionally,  prompting
strategies  can  be  used  to  encourage  the  model  to  produce  detailed
reasoning  processes  with  self-reflection  and  self-verification  [29].
Multi-agent approaches can also be employed by assigning different
roles  to  LLMs,  typically  involving  a  policy  model  generating  the
solution  steps  and  a  critique  model  evaluating  the  process  and
deciding  whether  to  proceed  or  backtrack  [186].  With  the  open-
sourcing of large reasoning models, long-CoT instruction data can be
directly distilled to fine-tune existing LLMs. Notably, DeepSeek-R1’s
approach  successfully  adapted  Qwen2.5  and  LLaMA-3 through this
method for long-CoT reasoning [29].

 

 
Fig. 4    The overall pipeline of LLM post-training
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Agentic  instruction  synthesis. Agentic  capabilities  have  become
increasingly  critical  as  LLMs  are  deployed  in  complex  application
scenarios  such  as  coding.  Unlike  general  instruction  data,  agentic
instruction  synthesis  requires  constructing  dedicated  environments
and curating a repository of tools with corresponding specifications.
A  teacher  model  then  generates  multi-turn  trajectories  within  these
environments,  simulating  user  interactions  and  executing  tool  calls.
To  reduce  synthesis  cost,  simulated  interactions  can  be  employed
without  invoking  real  APIs.  For  instance,  search-oriented  agentic
instructions  can  be  generated  by  building  a  local  index  over  a
predefined  data  corpus,  thereby  avoiding  the  cost  of  querying  live
search  engines  [187].  The  resulting  trajectories  are  then  rigorously
filtered  (e.g.,  using  LLM-as-a-judge)  to  ensure  quality,  and  are
further supplemented with real-world execution sandboxes [78,188].
Another  important  consideration is  the  format  of  agentic  instruction
data,  which must  be  carefully  designed to  specify  how intermediate
reasoning,  tool  calls,  and  environment  observations  are  interleaved
[78].  To  achieve  more  comprehensive  agentic  performance,  scaling
both  the  environments  and  their  associated  tasks  is  essential,  as  it
enables the development of versatile capabilities.

 ■ 4.1.2  Dataset composition
After  collecting  the  constructed  instruction  data,  we  discuss  how to
select high-quality instances and compose the instruction dataset for
fine-tuning.

Instruction  selection. To  effectively  select  high-quality  data,
current  methodologies  employ  several  key  strategies  to  achieve  this
goal.  Heuristic  measures,  such  as  instruction  length  and  perplexity,
are  commonly  used  for  initial  filtering,  systematically  removing
high-perplexity or overly short  instructions that often indicate lower
quality [189]. More sophisticated approaches leverage the evaluative
capabilities  of  LLMs  to  score  individual  instruction  instances,
selectively  retaining  those  with  higher  quality  scores  [190].  To
ensure  dataset  diversity,  semantic  clustering  techniques  enable  the
annotation  and  balanced  selection  of  instructions  across  a  range  of
conceptual categories [191]. For task-specific optimization, instance-
level gradient similarity analysis provides a targeted method to assess
the  relevance  of  training  instances  for  specific  downstream
applications  [192].  When  external  reward  models  or  ground-truth
answers  are  available, rejection  sampling can  also  be  applied  to
select higher-quality responses from multiple candidates [25].

/think /no_think

Instruction  mix. To  develop  capable  instruction-tuned  models,
five  key  instruction  data  types  are  typically  covered:
(1)  mathematical  reasoning  (20%−30%),  (2)  coding  (20%−30%),
(3) agentic tasks (10%−20%), (4) general tasks like chitchat, QA, and
instruction  following  (20%−40%),  and  (5)  AI  identity  and  safety  (a
minor  proportion).  These  proportions  follow  empirical  guidelines
from  commercial  LLM  technical  reports  [26,39,193].  In  addition,
mainstream LLMs typically support two distinct response modes: an
instruct  mode  for  relatively  straightforward  tasks  and  a  thinking
mode for complex reasoning. A common practice now is to combine
instruction  data  from  both  types.  For  instance,  Qwen3  [57]  uses
control flags (  and ) to distinguish between the
corresponding  datasets.  Similarly,  Hunyuan-TurboS  [194]  employs

short  CoT  data  for  queries  solvable  by  an  instruct  model  and  long
CoT data for those requiring a reasoning-focused approach.

Instruction  amount. In  terms  of  the  data  amount,  existing  open-
source  LLMs  typically  use  approximately  one  million  instruction-
tuning instances to effectively elicit capabilities across various tasks.
For instance, DeepSeek-V3, Qwen2.5, and Tulu-v3 utilize 1.5M, 1M,
and  939K  instances,  respectively.  However,  when  focusing
specifically  on  a  single  task  or  narrow  set  of  tasks,  far  fewer
instruction  instances  may  suffice.  Prior  studies  have  demonstrated
that  even  a  limited  number  of  instances  (e.g.,  a  few  thousand)  can
enable  LLMs to  perform well  on  specific  tasks  such  as  open-ended
dialogue  [195].  Additionally,  the  required  number  of  training
instances  depends  on  the  base  model’s  capabilities.  For  strong  base
models, learning efficiency can be remarkably high when using high-
quality  instruction  data  for  some  specific  tasks.  For  instance,
Qwen2.5-32B can readily master complex deep reasoning behaviors
through  fine-tuning  with  just  several  thousand  long-CoT instruction
instances [29].

 ■ 4.1.3  Effect of supervised fine-tuning
Building  on  the  foundational  capacities  established  by  pre-training,
SFT adapts language models from generic text completion to perform
specific,  targeted  tasks.  This  process  typically  employs  a  sequence-
to-sequence  loss  function  to  train  models  to  generate  appropriate
responses  conditioned  on  specific  inputs.  Such  training  essentially
constitutes imitation  learning,  as  the  model  learns  to  mimic
behaviors demonstrated in the training data.

SFT facilitates task generalization [181],  establishes initial  human
alignment  [25],  and  instills  basic  reasoning  capabilities  [196]  (e.g.,
generating the detailed reasoning process). Therefore, an SFT-trained
model  can  be  directly  applied  or  further  refined  with  subsequent
steps such as reinforcement learning (RL). While pure RL can induce
some  reasoning  abilities  without  SFT,  using  SFT  as  a  precursor
significantly enhances both training efficiency and final performance.
It equips the model with foundational skills—such as basic logic and
format  awareness—allowing  the  subsequent  RL  stage  to  optimize
complex strategies rather than learn these fundamentals from scratch.

Beyond  supporting  task  adaptation,  SFT  facilitates  cost-efficient
domain  adaptation.  By  fine-tuning  LLMs  on  domain-specific
instruction  datasets  (e.g.,  medicine,  law,  finance,  and  e-commerce),
models  can  acquire  the  requisite  skills  to  address  specialized  tasks
[197],  thereby  mitigating  the  reliance  on  computationally  expensive
continual  pre-training.  Parameter-efficient  techniques such as  LoRA
[198]  further  streamline  this  process,  enabling  effective  fine-tuning
under constrained computational resources.

 ■ 4.2  Reinforcement learning
Following SFT, which trains models on high-quality demonstrations
via  likelihood-based  learning,  post-training  typically  proceeds  to  a
RL  stage  for  further  behavioral  refinement.  Unlike  SFT,  RL
establishes  a  training  environment  defined  by  a  reward  mechanism
rather than by providing demonstration data. This approach is useful
for  better  capturing  human  preferences,  safety  constraints,  and
complex  reasoning  objectives.  In  this  section,  we  introduce  the  RL
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stage  of  post-training,  including  its  optimization  criteria,  reward
modeling, and RL algorithms.

 ■ 4.2.1  Overview
RL  has  become  a  critical  paradigm  in  the  post-training  stage  of
LLMs,  enabling  models  to  align  the  generation  behaviors  with
human  preferences,  task  objectives,  and  complex  reasoning
requirements  beyond what  is  achievable through SFT alone [25].  In
this paradigm, an LLM acts as an agent that interacts with a natural
language based environment: it produces actions (i.e., generating text
responses),  receives  feedback  in  the  form  of  rewards  or  preference
signals,  and  iteratively  updates  its  policy  to  maximize  cumulative
reward. From the perspective of LLM optimization, post-training RL
can be understood through two major components: reward modeling,
which  designs  or  learns  a  function  to  score  outcomes,  and policy
optimization,  which  uses  these  rewards  to  improve  the  model’s
generation strategy.

Reward  modeling. The  design  of  reward  signals  determines  the
optimization  target  and  ultimately  shapes  model  behavior.  Early
alignment  approaches,  exemplified  by  reinforcement  learning  from
human feedback (RLHF) [25], rely on preference data collected from
human annotators to train a reward model  that  approximates human
judgments  of  helpfulness,  harmlessness,  and  honesty.  More  recent
studies  extend  this  framework  toward  verifiable  or  task-grounded
rewards,  such  as  reinforcement  learning  with  verifiable  rewards
(RLVR) [29], where correctness can be automatically checked (e.g.,
mathematical  reasoning).  Compared  with  RLHF’s  subjective
preference  alignment,  RLVR  emphasizes  objective  performance
improvement,  reflecting a shift  from human-value alignment toward
capability enhancement. Beyond explicit verification, emerging work
further  explores  self-verifiable  or  meta-reward  mechanisms  that
enable  reward  construction  in  more  general  reasoning  domains  or
complicated  settings  [199].  This  paradigm  moves  beyond  task-
specific  correctness  toward  scalable  reward  generalization.  Detailed
discussions will be presented in Section 4.2.2.

Policy  optimization. Policy  optimization  algorithms  determine
how  LLM  parameters  are  updated  under  reward  supervision.
Classical approaches adapt proximal policy optimization (PPO) [200]
to  the  language  modeling  setting,  balancing  reward  maximization
with  divergence  constraints  from  the  supervised  policy.  Subsequent
work explores alternative objectives and training strategies, including
rejection  sampling  based  fine-tuning  [201],  direct  preference
optimization  [202],  and  group  relative  policy  optimization  (GRPO)
[30].  Recent  variants  of  GRPO  further  target  stability  and  bias
reduction  through  sequence-level  weighting,  decoupled  clipping,  or
normalization  corrections,  enabling  more  scalable  RL  for  long
horizon  reasoning  tasks  [203–205].  Training  stability,  sample
efficiency,  credit  assignment  over  long-horizon  trajectories,  and  the
mitigation of  reward hacking remain central  challenges across these
methods. Specific details will be elaborated in Section 4.2.3.

 ■ 4.2.2  Optimization criteria and reward models
In  essence,  RL  provides  the  mechanism  for  translating  high-level
objectives  into  concrete  optimization  targets  through  carefully

defined  reward  signals.  Prior  alignment  research  has  commonly
framed  desirable  LLM  behavior  in  terms  of  the  principles  of
helpfulness, honesty,  and harmlessness (3H criteria).  More  recently,
RL has been extensively employed as an effective method to extend
model  capabilities  (e.g.,  complex  reasoning).  While  objectives  may
vary, RL training fundamentally adjusts model behavior in response
to  defined  reward  signals.  These  signals  originate  from  diverse
sources,  including  human  preference  feedback,  rule-based
verification,  and  learned  evaluators.  Accordingly,  existing
approaches  can  be  broadly  categorized  by  their  reward  construction
into  two paradigms: rule-based rewards,  which depend on heuristic
constraints  or  formal  verification  procedures,  and model-based
rewards, which rely on trained reward models to automatically assess
outputs. The remainder of this part reviews these two paradigms and
their extensions.

Rule-based  reward. Rule-based  reward  modeling  derives
supervision  signals  from  explicit  and  verifiable  rules,  enabling
precise  and  low-noise  evaluation.  Early  successes  of  rule-grounded
RL  appear  in  fully  specified  environments  such  as  AlphaGo  [206],
where  game  rules  provide  exact  outcome-based  rewards.  In  LLM
post-training,  rule-based  rewards  typically  arise  from  two  sources:
natural-language  rule  adherence,  which  evaluates  compliance  with
predefined  behavioral  or  constitutional  principles  (e.g.,  DeepMind’s
Sparrow [207]),  and verifier-based correctness signals,  which assess
outputs  through answer matching,  symbolic  checking,  or  executable
validation.  The  latter  has  recently  evolved  into  RLVR,  where
correctness  can  be  formally  verifiable  for  domains  such  as
mathematics and code generation, as demonstrated by DeepSeek-R1
[29].  Rule-derived  rewards  are  increasingly  adopted  in  agentic  RL
[208],  where  feedback  may  depend  on  environment  interaction
success,  tool  execution  validity,  or  multi-step  task  completion.
Recent  work  [209]  further  introduces rubric-based  rewards,  which
decompose  response  quality  into  structured,  multi-criteria  checklists
that can be automatically aggregated into scalar supervision, thereby
extending RLVR to domains lacking verifiable answers and enabling
more general reasoning alignment.

Model-based  reward. Model-based  reward  modeling  learns  an
explicit  reward  estimator  from  high-quality  human  feedback,
enabling scalable and flexible evaluation beyond manually specified
rules.  Such  feedback  is  typically  collected  in  two  complementary
forms: scoring annotations [210], which assess model outputs against
predefined  criteria,  and  preference  rankings  [25],  which  compare
multiple  responses  to  capture  relative  quality.  These  supervision
signals  are  used  to  train  neural  reward  models  that  either  regress  to
human-provided  scores  or  learn  contrastive  preference  boundaries
between candidate outputs. Recent extensions [211] further integrate
reasoning-aware  reward  modeling  into  RLVR-style  training.  In
particular,  reasoning  reward  models  formulate  reward  estimation  as
an explicit reasoning process, generating structured evaluation traces
or  rubric-like  judgments  before  producing  final  rewards,  which
significantly improves interpretability and evaluation accuracy across
reward benchmarks.

Extensions. Since  rule-based  and  model-based  reward  modeling
excel  at  different  tasks,  hybrid  approaches  have  been  proposed  to
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combine  both  paradigms  in  mainstream  commercial  LLMs  like
DeepSeek-R1  [29]  and  Qwen3  [57].  A  major  challenge  for  both
reward types lies in obtaining reliable rewards in general domains, as
reward criteria are more diverse and complex, and explicit references
or  ground  truth  are  often  unavailable.  Generalist  reward  modeling
[212]  is  therefore  critical  for  LLM  capability  generalization,
requiring  flexibility  across  input  types  and  accurate  reward
generation in diverse domains. To overcome the high variance issue
of  sparse  feedback  in  outcome-based  reward  modeling,  process
reward  modeling  is  proposed  by  evaluating  individual  output
components  (e.g.,  sentences  or  reasoning  steps),  providing  fine-
grained  training  signals  [213].  Despite  these  advances,  defining,
learning,  and  scaling  effective  reward  signals  for  the  general
alignment of LLMs remains a significant challenge.

 ■ 4.2.3  Reinforcement learning algorithms
RL  algorithms  for  LLM  post-training  can  be  categorized  along  the
axis  of online versus offline policy  optimization,  depending  on
whether new training data are generated through interaction with the
current or recently updated policy [214]. Online policy optimization
continuously  collects  rollouts  as  training  proceeds  and  updates  the
model  using  newly  obtained  reward  signals,  typically  following  an
on-policy  RL  paradigm.  In  contrast,  offline  policy  optimization
learns  directly  from a  fixed dataset  of  human preferences  or  logged
trajectories  without  further  environment  interaction,  often
reformulating the alignment objective into supervised or preference-
based  optimization.  This  distinction  is  conceptually  different  from
the classical  on-policy/off-policy taxonomy in RL,  which is  defined
by  whether  the  data-generating  policy  matches  the  policy  being
optimized.  In  the  following,  we  review  RL  algorithms  from  the
perspective of online/offline policy optimization.

Online  policy  optimization. Online  RL for  LLM post-training  is
commonly  built  upon  the  PPO  algorithm  [200],  which  stabilizes
policy updates through a clipped objective and advantage estimation
via  a  learned  value  function.  While  effective,  PPO’s  actor-critic
design  requires  a  separate  value  network,  which  increases  both
training  and  inference  complexity  and  overhead.  Recently,  GRPO
[30]  has  simplified  this  paradigm  by  removing  the  value  model
entirely. Instead, it estimates advantage by comparing rewards across
multiple responses generated for the same prompt. This design offers
greater algorithmic simplicity by eliminating value function training,
though  it  introduces  new  considerations  such  as  group  sampling
strategies and relative reward normalization. Subsequent research has
aimed  to  enhance  GRPO’s  stability  and  effectiveness  through
decoupled  clipping  strategies,  sequence-level  importance  weighting,
and  refined  sampling  techniques  to  improve  training  dynamics  and
reduce bias [203–205]. With the popularity of reasoning models such
as  DeepSeek-R1  [196],  GRPO has  now become a  standard  practice
for  alignment  and  capability  refinement  in  settings  where  verifiable
reward  signals  are  available.  More  recently,  on-policy  distillation
(OPD)  [57]  has  also  been  adopted,  where  the  student  model  learns
from the teacher model’s logits in an online manner, thereby gaining
access to more dense supervision signals.

Offline  policy  optimization. In  contrast  to  PPO-style  online

reinforcement  learning,  offline  preference  optimization  directly
learns  policies  from  fixed  human  preference  data  without  iterative
environment  interaction  or  explicit  reward-model  training.  A
representative method is direct preference optimization (DPO) [202],
which  reformulates  the  KL-regularized  reward  maximization
objective  of  RLHF  into  a  closed-form  classification  loss  over
preferred  and  dispreferred  responses,  thereby  eliminating  RL  loops
while retaining the same optimal policy under standard assumptions.
Building  on  this  paradigm,  subsequent  studies  mainly  focus  on
contrastive  preference  learning  to  better  distinguish  near-optimal
responses  [215],  simplified  objective  formulations  that  reduce
reliance  on  probabilistic  preference  modeling  [216],  and  utility-
theoretic  alignment  objectives  that  directly  optimize  human-
perceived  desirability  signals  [217].  Alternatively,  rejection  fine-
tuning  (RFT)  [201]  directly  fine-tunes  the  model  on  responses
selected through rejection sampling or quality filtering. Overall, these
methods form a more simplified paradigm distinct from conventional
RL  by  enabling  stable  and  data-efficient  alignment  through  direct
preference optimization without explicit reward model training.

Representative  examples. In  this  part,  we  introduce  two
representative RL algorithms from the literature, each associated with
a distinct application scenario.

●  RLHF  for  human  alignment.  Reinforcement  learning  from
human  feedback  (RLHF)  has  become  a  cornerstone  of  LLM
alignment,  fine-tuning  models  using  a  reward  signal  derived  from
human  preference  comparisons.  In  the  standard  RLHF  pipeline,  a
reward  model  is  first  trained  to  score  outputs  based  on  human
rankings.  The  base  model  is  then  optimized—often  via  PPO—to
maximize  this  score  while  remaining  close  to  its  initial  policy
distribution, typically enforced through a KL penalty. This approach
significantly improved the helpfulness and controllability of systems
such as InstructGPT [25].  However,  it  is  resource-intensive and can
be  unstable,  motivating  various  algorithmic  refinements.  For
instance,  Constitutional  AI  [218]  reduces  reliance  on  human
feedback by having an AI model  critique its  own outputs  according
to  a  predefined  set  of  principles,  a  process  termed reinforcement
learning  from  AI  feedback (RLAIF).  The  AI-generated  guidelines
then serve as  the  reward signal,  lowering both cost  and dependence
on  human annotation.  Another  variant,  Safe  RLHF [219],  explicitly
decouples  helpfulness  and harmlessness  by  training separate  reward
and  cost  models.  The  policy  is  then  optimized  to  maximize  reward
while  respecting  a  safety  constraint,  formulated  as  a  constrained
optimization  problem solved  via  Lagrange  multipliers.  This  method
aims  to  dynamically  balance  helpfulness  and  safety  during  fine-
tuning.

●  RLVR  for  long-CoT  reasoning.  Recent  breakthroughs  in
reasoning  models  such  as  DeepSeek-R1  [29]  demonstrate  that  the
RLVR (reinforcement learning with verifiable rewards) algorithm is
particularly effective for developing long CoT reasoning capacities in
LLMs.  Specifically,  RLVR  employs  verifiable,  rule-based  rewards,
often  targeting  domains  such  as  mathematics  and  coding,  to
incentivize  base  models  to  acquire  long-form  reasoning  skills  by
scaling  RL.  The  training  process  operates  without  human
supervision,  relying  entirely  on  self-exploration  guided  by  these
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rewards.  During  this  process,  models  progressively  extend  their
responses  by  generating  complex  reasoning  skills  such  as  self-
verification and reflection, which are essential for enhancing overall
reasoning ability. Meanwhile, research has increasingly adopted rule-
based  reward  RL  as  a  general  methodology  for  tackling  diverse
complex  tasks  [187].  Despite  its  effectiveness,  studies  reveal  an
important nuance: rather than expanding a model’s inherent capacity,
RLVR  reshapes  and  narrows  the  action  space,  steering  the  model
toward  actions  that  are  more  likely  to  yield  environmental  rewards
[220].  This  finding  underscores  that  the  base  model  serves  as  the
fundamental  capacity  foundation,  which  cannot  be  effectively
elevated  by  RLVR  unless  the  underlying  model  already  possesses
strong skills.

Training  issues. Reward  hacking  remains  a  primary  challenge  in
RL-based  training,  as  models  often  learn  to  exploit  reward  function
loopholes or biases to score high without truly achieving the intended
objectives [221]. Recent research has introduced mitigation strategies
to  curb such behavior,  such as  disentangling spurious features  (e.g.,
response length) from genuine quality in the reward model [222], and
filtering  out  irrelevant  reward  signals  to  address  reward  mis-
generalization  [223].  Designing  composite  reward  functions  with
explicit  penalties  for  undesirable  behaviors  is  another  practical
technique  that  has  shown  to  decrease  reward  hacking  without
degrading  accuracy  [224].  Another  challenge  is  that  RL  algorithms
typically  involve numerous hyperparameters  and configurations that
significantly  impact  training  stability  and  performance  [203,225].
Stabilizing  RL  training  requires  careful  hyperparameter  selection,
continuous  monitoring  of  training  dynamics,  and  the  use  of  well-
curated  training  data.  In  practice,  monitoring  entropy  provides  a
valuable  indicator  of  exploration  in  LLMs,  while  specialized
strategies that regulate and maintain entropy levels have been widely
adopted  in  RL training  [203,226].  Efficiency  also  remains  a  critical
concern  in  RL  for  LLMs,  especially  in  agentic  RL  where  models
must plan over long horizons and execute precise tool calls, requiring
the generation and evaluation of complex, multi-turn trajectories. To
address  the  associated  computational  bottlenecks,  key  strategies
include  asynchronous  training  systems  that  decouple  trajectory
generation from policy updates, partial rollout training that truncates
long  action  sequences  into  manageable  segments,  and  parallel
distributed  computation  across  dynamically  scaled  inference  and

training nodes [227].  These approaches enhance learning efficiency,
making large-scale RL training practically feasible.

 ■ 4.3  Discussion
In this section, we will discuss the comparison of the above two post-
training  techniques  (i.e.,  SFT  and  RL)  and  then  present  industrial
practice of post-training.

 ■ 4.3.1  Comparison of post-training techniques
In this part, we discuss the differences and connection among several
typical  post-training  methods. Table 3 summarizes  their  comparison
in data sources and learning strategy.

Comparison. These  post-training  methods  primarily  differ  in
terms of data  sources and learning strategies [30].  The  data  source
distinguishes  between  offline  and  online  learning  schemes.  Offline
methods  like  RFT  and  DPO  rely  on  data  sampled  from  a  fixed
dataset. This makes them more stable but potentially less adaptive to
evolving  model  capabilities.  Conversely,  online  methods  such  as
PPO,  GRPO,  online  RFT,  and  on-policy  distillation  (OPD)
continuously  generate  new samples  from the  evolving policy model
during  training,  enabling  more  dynamic  optimization.  Regarding
learning strategies, the optimization approach varies by method. SFT,
RFT,  and  OPD  follow  a  supervised  learning  paradigm,  while  DPO
uses  contrastive  learning,  comparing  preferred  and  non-preferred
responses  via  a  binary  logistic  loss.  PPO  and  GRPO,  on  the  other
hand,  operate  within  a  RL  framework.  Furthermore,  online  RFT
improves  reward  signals  by  learning directly  from the  model’s  own
sampled outputs, whereas OPD keeps sampling from the student but
trains  it  to  imitate  a  teacher  distribution  with  dense  per-token
supervision.  A  key  distinction  among  RL  methods  lies  in  reward
design.  Methods  like  long-CoT  RL  typically  rely  on  verifiable
rewards,  where  correctness  can  be  checked  automatically  (e.g.,  via
solvers  or  unit  tests),  yielding  low-noise,  objective  signals.  In
contrast, RLHF often employs preference-based or heuristic rewards
from learned models or human judgments,  which support  alignment
with  soft  pairwise  feedback  but  may  introduce  ambiguity  in
reasoning tasks.

Connection. In forms of optimization, DPO, RFT, and OPD can be
formulated  within  the  RL  paradigm  [30],  where  each  method
optimizes  a  stochastic  policy  guided  by  reward  models.  The  key
insight  lies  in  examining  how  they  assign  implicit  rewards  during

  
Table 3    Comparison of different post-training methods

Method Data sources Learning strategy

Supervised Fine-Tuning (SFT) [181] Prompt, human-curated or synthetic response Supervised learning

Rejection Fine-Tuning (RFT) [201] Prompt, selected response, offline Supervised learning

Direct Preference Optimization (DPO) [202] Prompt, selected and rejected responses, offline Contrastive learning

On-Policy Distillation (OPD) [228] Prompt, self-generated response, online Supervised learning

Online RFT [201] Prompt, self-generated selected response, online Supervised learning

Proximal Policy Optimization (PPO) [200] Prompt, self-generated response, online Reinforcement learning

Group Relative Policy Optimization (GRPO) [30] Prompt, self-generated response, online Reinforcement learning

Wayne Xin Zhao et al.    A Survey of Large Language Models

 
Frontiers of Computer Science  | Issue 12 | Volume 20 | December 2026 | 2012627-16



training, despite lacking explicit reward modeling. In DPO, pairwise
preference  judgments  are  transformed  into  log-odds  rewards  that
penalize  the  policy  when  assigning  higher  probability  to  disfavored
responses.  Maximizing  this  preference-based  objective  proves
mathematically  equivalent  to  performing  a  KL-regularized  policy-
gradient  update  with  an  implicit  reward  structure  (+1  for  preferred
samples,  0  for  alternatives).  Extending  this  perspective  beyond
pairwise  preferences,  RFT  updates  the  policy  using  only  self-
generated  trajectories  accepted  by  a  task-specific  scorer,  treating
acceptance  as  an  implicit  binary  signal  over  sampled  rollouts.  OPD
follows  a  similar  structure  but  trains  a  student  policy  to  match  the
token-level  logits  of  a  teacher  on  on-policy  samples.  In  both  cases,
the training objective can be interpreted as maximizing the expected
value  of  an  implicitly  defined  signal  under  the  model’s  trajectory
distribution, thereby instantiating the core elements of RL.

 ■ 4.3.2  Industrial practice of post-training
In  this  part,  we  describe  the  general  post-training  pipeline  of
industrial-level  LLMs  and  the  reasoning-enhanced  post-training
approach.

General  pipeline. Industrial-level  LLMs  undergo  rigorous  post-
training  to  enhance  their  comprehensive  task-solving  capabilities.
Overall,  this  process  involves  multi-stage  alignment  procedures
involving  SFT on  carefully  curated  instruction  datasets  followed by
offline or online RL. For instance, Qwen2.5 [26] is first fine-tuned on
a large,  high-quality  dataset  of  over  one million human-curated and
model-augmented  instructions  (including  long-form  text,  code,  and
mathematical  reasoning  data  selected  by  reward  models)  and  then
aligned  through  a  two-phase  RL process,  i.e.,  an  offline  DPO stage
followed  by  online  policy  optimization  with  GRPO,  to  align  the
model  with  human preferences.  In  production settings,  post-training
is  typically  iterative,  with  repeated  cycles  of  alignment  and
comprehensive  capability/safety  evaluations  that  act  as  deployment
gates and guide subsequent data and reward updates [229]. Recently,
there is growing emphasis on improving the reasoning capabilities of
LLMs during post-training [40,136], leading to the widespread use of
mathematical  and  coding  problems.  Agentic  capability  is  also
frequently  treated  as  a  dedicated  objective  due  to  its  diverse  real-
world  applications.  To  facilitate  the  training  of  verifiable  reasoning
and  agentic  tasks,  rule-based  rewards  are  primarily  employed,
complementing  model-based  rewards  in  RL  training.  Thus,  reward
design  often  splits  into  preference-based  objectives  for  open-ended
helpfulness  (e.g.,  DPO-style  signals)  and  verifiable  rewards  for
reasoning-heavy  domains  (e.g.,  math/agent),  enabling  RL  with
automatically  checkable  criteria  (i.e.,  RLVR).  For  example,
DeepSeek-V3  [40]  and  Tulu  3  [193]  incorporate  both  model- and
rule-based rewards for RL training.

Reasoning-oriented  training. Following  the  above  general  post-
training pipeline described above,  this  procedure can be adapted for
developing long-CoT reasoning models like DeepSeek-R1. A typical
approach  proceeds  by  first  eliciting  the  long-CoT  reasoning
capabilities of the base models and then integrating SFT and RL by
augmenting  the  training  data  with  long-CoT-oriented  data  at  each
stage.  In  DeepSeek-R1  [29],  long-CoT  data  is  first  distilled  from

DeepSeek-R1-Zero,  a  long-CoT reasoning  model  trained  by  scaling
RL  on  DeepSeek-V3-Base.  To  further  refine  comprehensive
capacities,  DeepSeek-R1 implemented  a  four-stage  training pipeline
(long-CoT cold-start → long-CoT RL → hybrid SFT → hybrid RL).
The  first  two  stages  focus  primarily  on  developing  long-CoT
reasoning capacities, using distilled long-CoT data for SFT and rule-
based  rewards  for  long-CoT  RL  training.  The  latter  two  stages
incorporate  both  general  and  long-CoT  data  for  SFT,  while
employing  both  model- and  rule-based  rewards  for  RL.  A  similar
approach  has  been  adopted  by  Qwen3  [57]  and  Kimi-K1.5  [227].
Building  upon  these  long-CoT  training  methods,  recent “thinking”
models  introduce  explicit  mechanisms  to  improve  the  effectiveness
and  efficiency  of  reasoning.  For  example,  Qwen3  unifies  thinking
and standard responses within a single model and features a thinking
budget  knob  to  dynamically  allocate  computational  resources  at
inference  time  [95].  Concurrently,  Kimi-K2.5  focuses  on  token-
efficient  optimization,  significantly  reducing  redundancy  in  CoT
reasoning  (e.g.,  roughly  25%–30%)  while  maintaining  accuracy
[188].

Agentic  training. Given  the  growing  importance  of  agentic
capabilities, mainstream LLMs often incorporate a dedicated stage or
design  for  agentic  training.  As  discussed  in  the  agentic  instruction
synthesis  section  (Section 4.1.1),  constructing  appropriate  training
environments  is  a  foundational  step.  For  instance,  enhancing  search
and  coding  abilities  requires  establishing  corresponding  web  and
programming  environments,  along  with  the  associated  instruction
data.  Such  data  can  be  used  to  bootstrap  agentic  abilities  as  a  cold
start. Following this, agentic RL can be introduced. In this setup, for
each  input  task,  the  model  serves  as  a  policy  that  generates
trajectories  by  interleaving  intermediate  reasoning,  tool  calls,  and
environment observations. Optimization is then guided by trajectory-
level feedback, which may be derived from rule-based, task-specific
reward  functions  (e.g.,  success  checks,  unit  tests,  constraint
violations,  pre-specified  rubrics)  or  from learned  evaluators  such  as
LLM-as-a-judge reward models.  Compared to standard RL training,
agentic  RL  is  significantly  more  resource-intensive  and  demands
specialized  infrastructure  and  algorithmic  efficiency.  In  practice,
agentic  training  has  become  a  necessary  component  in  the
development of advanced LLMs. For example, DeepSeek-V3.2 [78]
adopts  a  cold-start  phase  that  unifies  reasoning  and  tool  use  within
single  trajectories,  combined  with  large-scale  agentic  task  synthesis
involving  thousands  of  environments  and  tens  of  thousands  of
complex  prompts  to  support  RL-driven  post-training.  Similarly,
Kimi-K2.5 [188] builds a unified multimodal agentic RL framework
and  employs  outcome- and  trajectory-based  evaluators  to  deliver
scalable  feedback  for  multimodal  tool-using  behaviors.  It  also
introduces  the agent  swarm approach,  using  parallel-agent  RL  to
decompose  complex  tasks  among  multiple  sub-agents,  optimizing
their orchestration toward a global, verifiable objective.

In summary, industrial post-training has evolved into a systematic,
multi-stage  process  that  supports  both  normal  response  and  deep
thinking  modes  to  accommodate  diverse  usage  scenarios.  It  moves
beyond general alignment via SFT and RL to incorporate specialized
training for reasoning and agentic capabilities. By integrating tailored
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data and reward strategies, modern pipelines enable LLMs to address
user queries with greater effectiveness and reliability.

 ■ 5  Utilization
After  model  training,  it  is  essential  to  design  effective  utilization
strategies  to  fully  leverage  the  potential  of  LLMs  for  solving
downstream  tasks.  In  this  section,  we  examine  the  fundamental
components  that  enable  effective  model  utilization  (as  illustrated  in
Fig. 5).  We  begin  with  basic  prompting  methods  (Section 5.1),
discussing  how  prompt  design  guides  model  behavior  and  task
performance.  Next,  we  review  advanced  inference-time  techniques
(Section 5.2),  focusing  on  strategies  that  enhance  reasoning  ability.
We then explore agentic systems (Section 5.3),  which extend LLMs
with  planning,  tool  use,  and  multi-step  interaction  capabilities  to
solve  complex  real-world  tasks.  Finally,  we  discuss  efficiency
improvements  (Section 5.4),  including  efficient  inference  and
compression  techniques  that  reduce  computational  cost  while
maintaining performance. Together, these components form the core
technical framework for effectively utilizing trained LLMs.

 ■ 5.1  Basic prompt techniques
Natural  language  prompting  serves  as  the  predominant  interface  for
leveraging  LLMs.  In  the  following  section,  we  first  describe  core
prompt  design  principles  and  present  two  widely  used  prompting
strategies: in-context learning (ICL) and chain-of-thought prompting
(CoT).  We  then  review  methods  for  the  automatic  optimization  of
prompts.

 ■ 5.1.1  Basic principles
A well-formed prompt for LLMs typically consists of three elements:
task  description,  input  data,  and  contextual  information  [230].  To
design  an  effective  prompt,  a  key  principle  is  to  ensure  clarity,
helping  the  LLM  understand  the  task  precisely.  For  example,  the
prompt  should  state  the  task  goal  unambiguously  by  specifying
objectives and input/output formats. It is also useful to include high-
quality  few-shot  demonstrations  and  use  model-friendly  formatting,
such  as  clear  delimiters  or  special  tokens.  For  complex  tasks,  the
prompt  should  break  the  task  description  into  detailed  sub-task
instructions,  enabling  the  model  to  address  each  step  sequentially
[231].  Alternatively,  users can interact  with the LLM and refine the
solution  through  multi-turn  dialogue.  In  domain-specific  reasoning,
role-playing cues  (e.g., “You are  a  math  expert”)  can help  steer  the
model more effectively. It should be noted that LLMs’ knowledge is
often  limited  to  specific  time  periods  or  domains,  so  incorporating
relevant  contextual  information,  such  as  retrieval-augmented
generation, can improve task performance.

 ■ 5.1.2  In-context learning
In-context learning (ICL) was first introduced with GPT-3 [13]. This
approach utilizes formatted natural language prompts containing both
task  descriptions  and  demonstration  examples,  enabling  LLMs  to
adapt  quickly  to  new  tasks  without  requiring  explicit  gradient
updates.

Demonstration design. The effectiveness of ICL heavily depends

 

 
Fig. 5    An overview of LLM utilization and deployment approaches

Wayne Xin Zhao et al.    A Survey of Large Language Models

 
Frontiers of Computer Science  | Issue 12 | Volume 20 | December 2026 | 2012627-18



on  the  quality  of  its  demonstrations,  which  should  be  both
informative and relevant. For demonstration selection, existing work
either  adopts  simple  similarity  or  diversity  methods  [232],  or  relies
on  LLMs  to  rank  the  candidates  or  generate  new  ones  [233].
Generally,  the  latter  would  trade  higher  cost  for  better  task
performance.  For  demonstration  format,  most  work  utilizes  simple
task-specific  templates  or  adds  detailed  task  descriptions  and
reasoning  formats  [17,230].  Additionally,  since  LLMs  exhibit
recency bias [234],  the demonstration order also matters,  which can
be  determined  by  heuristic  metrics  (e.g.,  similarity  [235]),  or
information-theoretic methods [236].

Underlying  mechanism. The  underlying  mechanism  of  ICL  can
be explained from the perspectives of pre-training and inference. For
pre-training,  existing  work  [237–238]  suggests  that  structured
information  in  the  pre-training  data,  such  as  co-occurrence  patterns
and long-range coherence, is important for the emergence of ICL. At
inference  time,  ICL  can  be  attributed  to  two  major  underlying
abilities: task recognition and task learning [239]. The former refers
to  the  model’s  capacity  to  identify  the  target  task  from
demonstrations  and  draw  on  its  internal  knowledge  to  respond;  the
latter  denotes  the  model’s  ability  to  implicitly  learn  task-specific
patterns  from  the  demonstrations  themselves.  Recent  work  [240]
further shows that Transformer blocks induce low-rank, learning-like
updates  to  internal  MLP  representations  during  forward  inference,
framing  ICL as  an  implicit  optimization  process  over  hidden  states,
without updating model parameters.

 ■ 5.1.3  Chain-of-thought prompting
Chain-of-thought  (CoT)  prompting  [17]  is  a  general  strategy  that
guides LLMs to solve target tasks through step-by-step reasoning.

Prompt design. Although early research primarily focused on few-
shot  CoT  methods,  zero-shot  CoT  approaches  [241]  have  now
become more prevalent. These methods typically prompt LLMs with
phrases  like “Let’s  think  step  by  step” to  generate  reasoning  steps,
followed by “Therefore, the answer is” to produce the final answer.
Similar  prompts,  such  as “Take  a  deep  breath  and  work  on  this
problem  step-by-step”,  have  also  been  explored.  Research  [242]
shows that  different  CoT prompts  might  impact  model  performance
on  certain  tasks,  despite  their  apparent  surface  similarity.
Additionally, CoT-style reasoning data has been widely incorporated
into  model  training  [39].  As  a  result,  mainstream  LLMs  can  often
generate step-by-step solutions even without explicit CoT prompting.
For  recent  long-CoT  models  (e.g.,  OpenAI’s  o1),  it  even  suggests
avoiding CoT prompts.

Underlying  mechanism. Existing  work  mainly  explains  the  CoT
mechanism  from  two  perspectives:  training  data  and  model
architecture.  From  the  data  perspective,  prior  work  [243]  suggests
that  CoT  effectiveness  stems  from  overlapping,  interdependent
clusters  of  variables  within  the  training  data,  such  as  topics  and
concepts.  When  prompts  and  answers  share  related  variables,
intermediate  variables  along  the  reasoning  path  can  facilitate  their
association.  This  reliance  on  in-distribution  patterns  is  further
highlighted  by  recent  findings,  which  show  that  CoT  reasoning
reflects  a  structured  inductive  bias  learned  from  training  data  and

degrades  sharply  under  distribution  shifts  in  task,  length,  or  format
[244].  From  the  architectural  perspective,  attention  heads  and  FFN
layers work cooperatively to facilitate reasoning: early-layer attention
heads  promote  information  flow  between  ontologically  related
tokens,  enabling  representation  alignment  and  transfer  of  reasoning
patterns [245], while CoT prompts activate a broader subset of FFN
neurons,  allowing  models  to  leverage  a  larger  portion  of  learned
knowledge during inference [246].

 ■ 5.1.4  Automatic prompt optimization
Considering that it is tedious and time-consuming to design effective
prompts, automatic prompt optimization approaches are proposed. To
optimize  prompt  design,  early  research  employs  gradient-based
approaches  to  maximize  the  output  likelihood  via  gradient  update
[247].  Since  discrete  prompts  are  difficult  to  learn  through  gradient
back-propagation,  RL-based  approaches  formulate  it  as  a  RL
problem and leverage existing RL algorithms for optimization [248].
However, these optimization-based methods can be costly for larger
models,  and  may  not  be  feasible  for  API-based  LLMs.  Therefore,
edit-based  methods  directly  revise  the  prompt  based  on  task
performance  [249],  often  leveraging  LLMs  to  iteratively  improve
prompts [250].

 ■ 5.2  Advanced inference-time techniques
Despite the simplicity, basic prompting strategies still suffer in more
complex reasoning tasks. In this section, we review several advanced
inference-time techniques for enhancing LLM’s performance.

 ■ 5.2.1  Reasoning enhancement
Traditional  CoT  prompting  methods  still  face  challenges  with
complex  tasks.  An  important  line  of  work  for  enhancing  LLM
reasoning  is  to  deliberately  allocate  additional  computation  during
inference.  This  paradigm  is  commonly  referred  to  as test-time
scaling.  In  this  part,  we  review  several  reasoning  enhancement
methods.

N
N

N

Sampling based methods. A straightforward yet effective form of
test-time  scaling  involves  generating  multiple  reasoning  trajectories
and aggregating their results to produce a final answer, mitigating the
brittleness  of  single-path  CoT  reasoning.  Early  methods  employed
majority  voting  [29]  or  self-consistency  [251],  where  the  most
frequent  answer  across  multiple  CoT  rollouts  is  selected.  This
strategy  generalizes  to  the Best-of-  (BoN) inference  paradigm,  in
which a model samples  candidate solutions and selects the optimal
one  based  on  a  predefined  criterion.  To  improve  selection  quality,
subsequent  work  has  moved  beyond  simple  aggregation  to  promote
diversity among samples [252] or to incorporate learned verifiers and
reward models for candidate ranking [253]. In current practice, BoN
has  become  a  standard  baseline  for  test-time  scaling,  consistently
yielding performance gains as  increases.

Search-based methods. To overcome the limitations of linear CoT
and  unstructured  sampling,  recent  work  reframes  inference-time
reasoning  as  an  explicit  search  problem  over  intermediate  states.
Early  approaches  extend  CoT  into  tree- or  graph-structured
representations,  such  as  tree-of-thoughts  (ToT)  [254]  and  graph-of-
thoughts  (GoT)  [255],  enabling  LLMs  to  branch,  evaluate,  and
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backtrack  across  multiple  reasoning  paths.  More  recent  methods
further integrate classical search algorithms, particularly Monte Carlo
Tree  Search  (MCTS),  into  LLM  inference,  unifying  reasoning,
acting,  and  planning  within  a  search-based  framework  [256]  and
incorporating  language-model-based  value  estimation  and  process-
level reward modeling to guide exploration [257–258]. These search-
based  methods  explicitly  trade  inference-time  computation  for
reasoning  quality,  allowing  the  model  to  explore  and  evaluate
intermediate steps more thoroughly.

Long-CoT  reasoning. Popularized  by  models  such  as  OpenAI’s
o1  and  DeepSeek-R1,  long-CoT  reasoning  [29]  is  a  recently
emerging paradigm that generates an extended, in-context reasoning
trace  before  producing  the  final  response.  This  method  emulates  a
slow  thinking cognitive  mode,  engaging  more  deeply  with  complex
problems compared to the fast thinking used in standard CoT. Long-
CoT  offers  two  principal  advantages  over  traditional  CoT:  (1)  it
enables iterative self-correction during reasoning rather than one-shot
generation,  and  (2)  it  allows  for  structured,  multi-step  exploration
akin to advanced search algorithms such as ToT [254]. To enable this
extended  reasoning  behavior,  recent  post-training  pipelines
increasingly rely on large-scale RL training to optimize intermediate
reasoning trajectories and process-level objectives, aligning with the
RL-based  long-CoT  training  paradigm  discussed  in Section 4.2.3.
This RL-driven optimization not only improves reasoning depth and
stability  but  also  shapes  the  model’s  preference  for  deliberate,
stepwise problem solving at inference time. Despite its effectiveness,
long-CoT  reasoning  still  faces  challenges  such  as  problematic
reasoning  patterns  (e.g.,  overthinking  and  hallucination  [259])  and
high  inference  costs.  These  issues  have  attracted  considerable
attention in ongoing research aimed at their mitigation.

 ■ 5.2.2  Retrieval-augmented generation
As  an  inherent  limitation,  LLMs  often  struggle  with  real-time  or
domain-specific  queries  due  to  their  constrained  knowledge  scope.
To  address  this,  retrieval-augmented  generation  (RAG)  integrates
external  knowledge  sources  to  enhance  response  quality  and
relevance.  In  what  follows,  we  outline  the  typical  RAG  workflow
and highlight recent methodological advances.

Basic  workflow. RAG  generally  proceeds  in  three  stages  [260]:
(i) context  retrieval,  where  relevant  documents  are  retrieved  using
lexical-based methods (based on sparse representations) or semantic-
based  methods  (based  on  dense  embeddings);  (ii) prompt
construction, where the retrieved information is incorporated into the
model’s  prompt  along  with  task  instructions.  Due  to  context  length
limitations, techniques like reranking, summarization, or information
extraction  are  often  applied  to  retain  the  most  useful  content  and
reduce issues such as attention bias (e.g., the lost in the middle issue
[261]);  and  (iii) response  generation,  where  the  LLM  generates  an
output using the enriched prompt. If the retrieved content is noisy or
contradictory, the model may assess its confidence or re-evaluate its
output to determine whether further retrieval is necessary [262].

Improvement  strategies. RAG’s  performance  can  be  enhanced
through  several  techniques.  First, retrieval  quality  enhancement
optimizes  context  retrieval  by  adjusting  document  granularity  or

reranking  candidate  documents  [263].  Existing  work  [264]  has
adopted LLMs to rewrite or expand the input query for enhancing the
informativeness,  and  filter  or  extract  the  information  from retrieved
documents  to  improve  the  relevance.  Second, iterative  retrieval
enhancement enables  multi-turn  refinement  when  single-round
retrieval  is  insufficient.  LLMs can dynamically revise queries based
on intermediate outputs, gradually enhancing retrieved content [262].
In  complex  scenarios,  this  process  can  be  integrated  with  CoT
reasoning  by  converting  each  reasoning  step  into  new  queries  that
inform subsequent thought processes [265].

 ■ 5.3  Agentic systems
Recent  advances  [266–268]  use  LLMs  as  the  core  reasoning
component  within  autonomous  agents—systems  that  perceive
environments,  make  decisions,  and  execute  tasks  through  reasoning
and  interaction.  This  section  outlines  the  fundamental  workflow  of
LLM-based agents, describes advanced architectures and techniques,
and highlights representative applications.

 ■ 5.3.1  Basic agent workflow
LLM-based agent systems are typically constructed around three core
functional  components: memory, planning,  and execution.  In  the
following, we introduce each component and illustrate how they are
integrated into a unified workflow.

Memory. The  memory  component  serves  as  the  information
storage  backbone  of  an  LLM-based  agent,  retaining  historical
interactions  and  contextual  knowledge  for  future  use.  Similar  to
human cognition, agent memory is commonly divided into short-term
memory and long-term memory [268]. Short-term memory typically
corresponds  to  the  LLM’s  context  window,  storing  transient
information  such  as  recent  observations  or  intermediate  reasoning
results  during  inference.  In  contrast,  long-term  memory  persists
across interactions and stores relatively stable information, including
factual  knowledge,  past  experiences,  user  profiles,  and  agent
configurations.  It  is  commonly  implemented  using  external  storage
mechanisms and accessed  via  retrieval  modules,  while  updates  may
be  performed  through  reflection  based  processes.  By  retrieving  and
updating  memories,  the  agent  maintains  continuity  and  coherence
across multi-step interactions.

Planning. The planning component enables an agent to decompose
complex  tasks  into  structured  sequences  of  sub-tasks,  facilitating
long-horizon  decision-making  [269].  By  leveraging  information
retrieved from both short-term and long-term memory, the agent can
generate, evaluate, and refine action plans in a goal-oriented manner.
Planning is  often performed iteratively,  allowing the agent  to  revise
its  strategy  based  on  newly  observed  environmental  feedback.  This
capability  is  essential  for  handling  tasks  that  require  multi-step
reasoning, delayed rewards, or dynamic adaptation.

Execution. The  execution  component  is  responsible  for  carrying
out the actions specified by the planning component and interacting
directly with the environment. Basic execution can be realized solely
through  the  language  model  itself,  translating  plans  into  textual  or
symbolic actions [231]. More advanced agents enhance execution by
integrating external tools, such as search engines, APIs, databases, or
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code  interpreters,  enabling  tool-integrated  execution  [270].  Through
tool  usage,  agents  can  extend  their  capabilities  beyond  the  model’s
parametric  knowledge,  allowing  more  accurate  information  access,
computation, and environment manipulation.

Workflow. Based on the above components, an LLM-based agent
typically follows an iterative workflow. First, the agent perceives the
current  state  of  the  environment  and  retrieves  relevant  information
from  memory.  Next,  the  planning  component  synthesizes  this
information to determine the next action or sequence of actions. The
execution  component  then  performs  the  planned  actions,  potentially
invoking external tools, and receives feedback from the environment.
This feedback is processed and selectively stored in memory, closing
the  loop  for  subsequent  iterations  [271].  Such  iterative  interaction
patterns are fundamental to agentic systems, where reasoning, action,
and  observation  are  repeatedly  coordinated  to  progressively
accomplish  goals  [270].  These  agent  behaviors  can  be  regarded  as
operating  in  a  feedback-driven  loop  that  continuously  refines
decisions  based  on  environmental  responses  and  internal  evaluation
signals,  enabling  adaptive  multi-step  problem  solving  and  long-
horizon task completion.

 ■ 5.3.2  Advanced agentic architectures and techniques
This  part  highlights  three  important  techniques  that  augment  agent
capabilities:  long-context  management,  agentic  self-evolution,  and
multi-agent collaboration.

Long-context  management. Handling  long-range  dependencies
and  extended  interaction  histories  is  critical  for  agents  that  must
maintain  coherent  behavior  over  prolonged  time  horizons.  Existing
strategies  for  long-context  management  in  agentic  systems  can  be
broadly  grouped into  two paradigms.  The first  paradigm focuses  on
in-context  compression  and  reconstruction,  where  past  trajectories
are  summarized,  folded,  or  iteratively  synthesized  into  bounded
representations  that  prevent  uncontrolled  context  growth.  This
includes  hierarchical  context  folding  techniques  [272]  and  iterative
synthesis frameworks such as IterResearch [273], which periodically
condense  interaction  history  into  an  evolving  report  and  reconstruct
the  reasoning  workspace.  The  second  paradigm  introduces external
memory that  store  past  information  in  structured  or  unstructured
forms and enable selective retrieval of context relevant to the current
decision. Typical examples include targeted attention over persistent
memory  [274],  reversible  memory  architectures  [275],  and  sparse
context  invocation  strategies  [276].  By  retrieving  only  the
information relevant  to  the current  decision,  these approaches avoid
processing  the  entire  interaction  history,  thereby  reducing
computational  cost  while  still  maintaining  awareness  of  long-term
context.  Together,  these  two  paradigms  provide  complementary
mechanisms  for  maintaining  continuity  over  extended  horizons,
enabling  sustained  reasoning  and  progressive  planning  in  long-
running agentic tasks.

Agentic  self-evolution. Recent  research  has  shifted  toward
enabling  agents  to  autonomously  self-improve  when  provided  with
suitable  interactive  environments.  These  self-evolutionary
approaches investigate mechanisms for agents to continuously refine
their  planning,  decision  making,  and  reasoning  policies  using

feedback  from  interaction  outcomes,  internal  evaluations,  or
accumulated experience [277–278]. Among them, experience-driven
learning  has  received  particular  attention,  exploring  how  diverse
forms  of  generated  experience—such  as  online  interactions,
historical  trajectories,  curated  replay,  and  task-specific  evaluation
loops—can guide subsequent behavior and policy updates [279–281].
This  process  is  often  facilitated  by  external  memory  systems  that
store  and  structure  past  interactions.  Together,  these  advances  are
transforming  agents  from  static,  inference-based  systems  into
progressively  adaptive,  self-improving  entities  capable  of  greater
robustness  and  sustained  performance  growth  in  dynamic
environments.

Multi-agent collaboration. When multiple agents are deployed to
tackle  large,  complex  tasks,  collaboration  mechanisms  become
central  to  overall  performance.  In  centralized  control  paradigms,  a
global  orchestrator  coordinates  the  actions  of  subordinate  agents,
ensuring task decomposition, role assignment, and sequencing from a
single decision-making locus. In contrast, decentralized collaboration
distributes  control  among  agents,  allowing  them  to  negotiate,
communicate,  and make local  decisions  based on shared objectives,
which  can  improve  robustness  and  scalability  when  global  state
information  is  incomplete.  These  two  forms  have  been  applied  in
various  multi-agent  frameworks  [282–283]  where  agents  either
follow a central  controller or interact through peer-to-peer protocols
to achieve common goals. Emerging practical systems such as agent
swarms  [188]  extend  these  ideas  by  dynamically  spawning  and
coordinating  large  numbers  of  sub-agents  in  parallel  to  execute
subtasks,  enabling  significant  reductions  in  runtime  and  increased
throughput for complex workflows like multi-step reasoning and data
synthesis.

 ■ 5.3.3  Representative agentic applications
Recent  advances  increasingly  target long-horizon agent  capabilities
that  solve  complex  information  seeking  tasks,  where  agents  must
sustain  reasoning,  planning,  and  interaction  across  extended  multi-
step  trajectories  in  complex  interaction  environments.  Such  tasks
expose  fundamental  limitations  of  conventional  LLM  agents,
including  unbounded context  growth,  accumulated  execution  errors,
fragile intermediate reasoning,  and the inability to persist,  revise,  or
consolidate  knowledge  over  time.  Addressing  these  challenges
requires  not  only  improved  memory  and  planning  mechanisms,  but
also  new  interaction  paradigms  that  support  iterative  exploration,
feedback  integration,  and  adaptive  decision-making  throughout
prolonged task execution.

Representative  long-horizon  agents  have  therefore  begun  to
specialize  into  several  typical  application-driven  paradigms. Deep
search focus on multi-step web navigation and information retrieval,
combining  structured  reasoning,  tool  interaction,  and  reinforcement
learning  to  solve  complex  multi-hop  search  problems  and
progressively  scale  tool  usage  during  inference  [187,284].  These
systems emphasize efficient exploration of large external information
spaces and the coordination of reasoning with environment feedback
under  limited  interaction  budgets. Deep  research extend  this
paradigm  toward  comprehensive  knowledge  synthesis,  iteratively
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collecting  evidence,  refining  hypotheses,  and  producing  citation-
grounded  reports  comparable  to  professional  analytical  workflows
[285].  Compared  with  deep  search,  they  place  greater  emphasis  on
long-range  consistency,  evidence  integration,  and  structured  report
generation  over  extended  reasoning  horizons.  Meanwhile, code
agents address  long-horizon  software  engineering  or  code  analysis
tasks,  where  agents  must  reason  over  large  codebases,  perform
iterative  execution  and  debugging,  and  integrate  environment
feedback  to  complete  complex  programming objectives  [286].  Such
settings  require  persistent  state  tracking,  error  recovery,  and
incremental solution refinement, making them a particularly stringent
testbed for long-horizon autonomy.

These  efforts  have  substantially  advanced  long-horizon  agents  in
complex task scenarios, significantly extending both reasoning depth
and interaction fidelity within real-world environments.  Building on
this  progress,  wide  reasoning  has  emerged  as  a  growing  focus,
wherein  multiple  candidate  paths—or  subtasks,  more  broadly—are
explored  in  parallel  to  enable  a  broader  yet  still  effective  reasoning
paradigm [188].  By integrating both depth and width,  this  approach
supports more robust reasoning in complex settings.

 ■ 5.4  Efficient deployment and inference
In  this  section,  we  first  introduce  the  major  deployment  issues  and
then  discuss  the  optimization  techniques  for  addressing  these
challenges.

 ■ 5.4.1  Deployment issues
In  real-world  deployment,  LLMs  confront  two  primary  challenges:
significant  memory  demands  and  high  inference  latency.  The  first
challenge  arises  from  the  massive  scale  of  LLMs,  which  consist  of
billions  or  even  trillions  of  parameters  [287].  Storing  these
parameters  requires  substantial  memory,  leading  to  increased
deployment  costs,  particularly  in  production  environments  [26,40].
The  second  challenge,  high  inference  latency,  stems  from  the
autoregressive nature of LLM text generation. During inference,  the
model generates tokens sequentially, sampling each new token using
strategies  such  as  greedy  search,  beam  search,  or  random  sampling
[13,39].  This  process  involves  two  main  stages:  The prefill stage
processes  the  input  prompt,  computes  initial  states,  and caches  key-
value  tensors  (a.k.a., KV cache)  for  efficient  reuse.  The  subsequent
decoding stage  generates  tokens  autoregressively,  updating  the  KV
cache at  each step while  producing the next  token until  completion.
Crucially,  the  decoding  stage  is memory-bound—performance  is
limited  by  the  GPU’s  memory  bandwidth  rather  than  compute
throughput.  This  bottleneck,  known  as  the “memory  wall” [288],
results  in  inefficient  hardware  utilization  and  significantly  increases
latency,  especially  for  long  sequences.  Therefore,  optimizing  LLM
inference  requires  addressing  both  memory  consumption  and  the
inefficiencies of autoregressive decoding.

 ■ 5.4.2  Efficient inference methods
To reduce the inference latency, efforts can be categorized into three
areas:  system-level  optimization,  algorithm-level  optimization,  and
KV cache optimization.

System-level  optimization. To  mitigate  the  high  inference  costs

associated  with  long-chain  reasoning,  several  system-level
optimization  strategies  have  been  developed.  A  primary  focus  has
been  on  accelerating  kernel  execution  by  minimizing  memory
movement during attention computation, with FlashAttention being a
prominent  example  [166].  Parallel  efforts  target  memory efficiency,
such as PagedAttention’s approach to KV cache management, which
reduces  fragmentation  and  overhead  [289].  Furthermore,  dynamic
workload  challenges  are  addressed  through  optimized  data
scheduling  and  batching  techniques,  improving  hardware  utilization
[290].  In  a  recent  advance,  DeepSeek-V3  introduced  an  expert-
parallelism  load  balancer  (EPLB)  that  alleviates  serving-time
imbalance  by  dynamically  duplicating  and  heuristically  reassigning
overloaded  experts  across  GPUs  [40].  Collectively,  these  system-
level  improvements  significantly  reduce  inference  latency  and
increase serving throughput.

Algorithm-level  optimization. This  approach  accelerates  de-
coding by reducing computation across tokens or within the model. A
representative  example  is speculative  decoding [291–292],  which
uses  a  small  draft  model  to  generate  multiple  token  candidates  that
are  later  verified  by  the  target  LLM.  Subsequent  studies  further
reduce  overhead  by  employing  smaller  draft  models  [293]  or  by
using  output  consistency  to  decide  whether  generation  should
continue  with  the  weaker  model  or  the  stronger  model  [294].  As
another line of work, early exit techniques [295] reduce computation
within  the  model  by  skipping  layers  or  selectively  activating  them
based on prediction confidence.

KV  cache  optimization. The  KV  cache  has  become  a  major
bottleneck  for  efficient  inference,  especially  for  long-context
generation,  due to  its  memory growth with  sequence length.  Recent
work  tackles  this  problem  through  optimizations  at  three  levels.  At
the token level,  token dropping [296] removes low-attention tokens,
while  softer  alternatives  [297]  compress  the  KV  cache  using
quantization  or  low-rank  decomposition  instead  of  removing  them.
At  the  model  level,  KV  cache  reduction  can  be  achieved  through
architectural modifications, such as layer-wise KV sharing [298] and
multi-head  latent  attention  (MLA)  [67,299].  At  the  system  level,
techniques  like  paged  memory  management  [300]  and  KV  access
scheduling [301] reduce overhead during batched inference.

 ■ 5.4.3  Compression methods
In addition to reducing inference latency, minimizing memory usage
has also been a key challenge in LLM deployment.

Quantization  methods. Quantization  [302]  is  a  fundamental
technique  in  neural  network  compression  that  reduces  the  precision
of  numerical  representations  to  lower  memory  and  computational
costs.  In  LLMs,  quantization  is  primarily  applied  to  two  types  of
data:  model weights and activations.  The process typically proceeds
by  scaling  and  rounding  original  values  to  discrete  integer  levels,
followed by dequantization to approximate the original computation
during  inference.  In  practice, post-training  quantization (PTQ)  has
become  a  widely  adopted  approach,  as  it  avoids  full  retraining  and
scales  effectively  to  large  models.  Overall,  empirical  studies  show
that LLM weights are relatively robust  to low-bit  quantization,  with
even  4-bit  precision  maintaining  strong  performance  in  key
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capabilities such as ICL [303–304], whereas activation quantization,
particularly  for  the  KV  cache,  remains  comparatively  more
challenging due to the presence of outliers in activation distributions
[303].  For  weights,  a  representative  approach is  to  achieve  efficient
low-bit  quantization  through  layerwise  reconstruction  [304].  To
further  reduce  the  quantization  error,  recent  studies  propose  to
protect  important  weights  that  are  more  sensitive  to  quantization,
known as salient weights [305–306]. For activation quantization, one
straightforward  approach  bypasses  the  impact  of  activation  outliers
by  explicitly  preserving  them,  as  in  the  mixed-precision
decomposition  [307].  More  recent  methods  instead  mitigate  the
outliers  through  transformations  before  quantization,  including
Hadamard transformations [308] and learned rotations [309], making
low-bit end-to-end quantization increasingly practical.

Other  compression  methods. In  addition  to  quantization,
distillation and pruning have also been explored to reduce the overall
footprint  of  LLMs.  Distillation  compresses  a  large  model  by
transferring  its  capabilities  to  a  smaller  one,  either  by  aligning
internal features [310] or learning from the model’s outputs [311]. In
contrast,  pruning  reduces  parameter  count  by  removing  less
important  components,  either  at  the  weight  level  [312]  for  high
sparsity  or  at  the  structural  level  for  hardware  efficiency,  such  as
removing Transformer layers [312] or MoE expert modules [313]. In
contrast  to  early  approximate  compression  methods  that  modify
model representations, lossless compression techniques aim to reduce
storage  without  altering  model  behavior.  Along  this  line,  a
frequency-aware  variable-length  floating-point  format  (DFloat11)
has been proposed for lossless weight compression, reducing storage
while  preserving  exact  outputs  [314].  Together,  these  approaches
simplify  model  architectures  or  weight  storage  formats  and
effectively reduce the memory footprint of LLMs.

 ■ 6  Evaluation
In this section, we introduce benchmarks and evaluation approaches
for assessing the capabilities of large language models.

 ■ 6.1  Evaluation benchmarks
Evaluating the capabilities of LLMs is crucial for understanding their
progress and limitations.  To this  end,  a diverse suite of  benchmarks
has been established to systematically assess various aspects of LLM
performance,  from  basic  language  understanding  to  complex
reasoning and agentic tasks.

 ■ 6.1.1  Basic ability
Basic  abilities  comprise  the  core  foundational  skills  of  LLMs.
Evaluations in this category typically focus on three primary types of
fundamental competencies.

Language. This  category  evaluates  the  foundational  natural
language  understanding  and  generation  capabilities  of  LLMs.  It
focuses  on  language  modeling  tasks,  conditional  generation  tasks
such  as  summarization  and  translation,  and  question  answering
benchmarks.

Reasoning. This category assesses the reasoning ability of LLMs.
Typical  evaluation benchmarks cover  commonsense reasoning tasks

(e.g.,  HellaSwag  [315]  and  ARC  [316]),  mathematical  reasoning
tasks (e.g.,  MATH [317],  GSM8K [318])  and code generation tasks
(e.g., HumanEval [37], MBPP [38]).

Alignment. Ensuring that LLMs behave in alignment with human
expectations  and  values  constitutes  another  vital  evaluation
dimension.  Typical  evaluation  examines  the  performance  of  LLMs
through  the  aspects  of  instruction-following  (e.g.,  IFEval  [319]),
helpfulness  and  honesty  (e.g.,  TruthfulQA [320]),  and  harmlessness
(e.g., CrowS-Pairs [321], RealToxicityPrompts [322]). Notably, there
is  growing attention on assessing LLM bias  [63–64]  and robustness
[323–324].

Comprehensive  benchmarks. To  holistically  assess  the  capa-
bilities  of  LLMs,  several  comprehensive  benchmarks  have  been
developed  [325–327].  Prominent  among  these  are  multi-task
benchmarks  such  as  MMLU  [325]  and  BIG-bench  [326],  which
evaluate knowledge and skills across diverse domains and scenarios.
Additionally,  open  platforms  like  Chatbot  Arena  [328]  employ
pairwise  comparisons  where  humans  rate  chatbot  responses,
providing  a  dynamic  benchmark  grounded  in  human  preferences
rather than static knowledge tests.

 ■ 6.1.2  Advanced ability
To  effectively  evaluate  capable  LLMs,  assessments  need  to  extend
beyond  basic  competencies  to  incorporate  sophisticated  capacities
such as complex reasoning and agentic tasks.

Expert-level  reasoning  capability. This  area  focuses  on
evaluating  reasoning  capabilities  that  approach  or  exceed  typical
human expert  performance on highly complex, multi-step problems,
often  requiring  deep  domain  knowledge,  information  synthesis,  and
non-trivial  deductive  reasoning.  To  this  end,  researchers  employ
challenging  competition  problems  and  expert-level  exams  (e.g.,
mathematical  Olympiad  datasets  such  as  AIME  and  OlymMATH
[329])  to  assess  the  complex  reasoning  abilities  of  LLMs.  These
benchmarks  are  mainly  verifiable  tasks.  Furthermore,  multi-
disciplinary benchmarks like GPQA [330] test LLMs’ capabilities in
solving  complex  tasks  across  physics,  chemistry,  and  biology.
However,  as the capacities of LLMs advance, these benchmarks are
becoming or have been saturated, and it is important to develop more
challenging benchmarks [331].

τ

Agentic  task  capabilities. A  rapidly  evolving  frontier  in  LLM
evaluation  focuses  on  assessing  models  as  autonomous  agents
capable  of  planning,  using  tools,  and  interacting  with  environments
to  achieve  complex  goals.  This  paradigm  shift  necessitates  moving
beyond static question-answering to evaluate extended capabilities. A
key  aspect  is  assessing  a  model’s  ability  to  effectively  select,
orchestrate,  and  utilize  external  tools,  such  as  code  interpreters  and
web  browsers  (e.g., -Bench  [266]),  to  overcome  its  intrinsic
limitations.  Another  critical  area  is  performance  in  realistic,
interactive settings.  Benchmarks like SWE-bench [332],  which tests
the  resolution  of  real-world  software  issues,  and  OSWorld  [267],
which evaluates performance within operating system environments,
are  representative  of  this  direction.  More  recently,  emerging
benchmarks [333–334] aim to provide comprehensive assessments of
agents  executing  long-horizon,  complex  tasks  that  systematically
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require integrated skills in web navigation, tool use, and sophisticated
planning.

Beyond  the  dimensions  already  discussed,  a  variety  of  additional
capabilities can be targeted for evaluation. For example, LLMs excel
at  persona  simulation,  consistently  embodying  predefined  traits,
stylistic  nuances,  and  interaction  patterns  of  specific  identities  or
social  roles.  The  design  of  evaluation  tasks,  therefore,  should  be
guided by specific practical needs and research priorities.

 ■ 6.2  Evaluation approaches
This section introduces three major evaluation approaches for LLMs.

Benchmark-based  evaluation. Existing  benchmarks  typically
employ  closed-ended  problems  for  evaluation,  which  fall  into  two
main  categories:  knowledge-oriented  and  reasoning-oriented
benchmarks.  Knowledge-oriented  benchmarks  (e.g.,  MMLU  [325]
and C-Eval [335]) assess models’ world knowledge retention,  while
reasoning-oriented benchmarks (e.g., GSM8K [318], BBH [336], and
MATH [317]) evaluate their ability to solve complex reasoning tasks.
Evaluations typically use few-shot (more suitable for base LLMs) or
zero-shot  settings,  with  CoT  prompts  often  needed  for  reasoning
tasks.  While  automated  and  scalable,  evaluation  results  can  be
affected  by  several  factors  [337–338],  including  prompt  sensitivity,
demonstration setup, and data contamination.

Human-based  evaluation. Unlike  automatic  evaluation,  human
evaluation typically considers  more factors  or  abilities  in real-world
use,  such as human alignment and tool manipulation.  Specially,  test
tasks  are  usually  given  in  open-ended  questions,  and  human
evaluators  are  invited  to  make  judgments  on  the  quality  of  answers
generated  by  LLMs,  based  on  two  main  scoring  methods:  pairwise
quality  comparison  (e.g.,  Chatbot  Arena  [328])  and  single-answer
grading  (e.g.,  summarization  tasks  in  HELM  [327]).  Since  human-
based  evaluation  often  relies  on  a  large  number  of  qualified
annotators, and thus it is difficult to be scalable and reproducible.

Model-based evaluation. To reduce the cost of human evaluation,
studies have adopted powerful LLMs as surrogate judges [338–339],
an approach known as LLM-as-judge.  Typically, these methods first
collect  a  set  of  instructions  and  then  perform  pairwise  comparisons
among  the  outputs  of  different  LLMs.  Techniques  such  as  ICL and
CoT  can  be  incorporated  into  this  process  to  improve  evaluation
reliability.  Furthermore,  recent  work  [338]  has  explored  fine-tuning
open-source  LLMs  as  evaluators  using  human-annotated  scoring
data.  While  this  method  improves  scalability  and  efficiency,  it  may
also  inherit  biases  present  in  the  training  data,  such  as  position  and
verbosity bias. Building upon the LLM-as-judge paradigm, agent-as-
a-judge methods  have  been  proposed  [340].  These  systems  conduct
evaluations  through  agentic  frameworks  that  utilize  deliberate
planning  and  auxiliary  tools,  which  can  significantly  enhance  the
quality of LLM assessments.

 ■ 6.3  Potential issues
While  existing  benchmarks  have  driven  significant  progress  in
assessing  LLMs,  they  now  face  three  fundamental  challenges:
ensuring  fair  evaluation  free  from  biases  and  data  contamination,
closing  the  gap  between  practical  utility  and  narrow  benchmark

success,  and  developing  meaningful  frameworks  to  evaluate
emerging  superintelligent  capabilities  as  standard  benchmarks
saturate.

Evaluation fairness. Achieving truly fair and unbiased evaluation
of  LLMs  remains  a  significant  challenge.  A  key  issue  is data
contamination,  where  benchmark  exposure  during  training  inflates
scores  through  memorization  rather  than  true  generalization  [341].
Potential  solutions  include  rigorous  decontamination  and
continuously  updated  benchmarks  [342].  Additional  biases  further
complicate  assessment  due  to  inherent  limitations  in  LLMs:  length
bias  (favoring  unnecessarily  long  outputs),  position  bias  (order
effects in candidates), and style bias (favoring certain linguistic styles
over content) [337–338,343], potentially distorting results regardless
of model capability.

Practical utility. Another major challenge in evaluation lies in the
frequent discrepancy between a model’s benchmark performance and
its  real-world  usability:  models  that  achieve  high  scores  on
standardized  tests  often  fail  to  generalize  to  the  variability  and
unpredictability of real user interactions, resulting in strong academic
performance  that  does  not  reliably  translate  into  practical  utility  in
deployed  systems  [344].  For  example,  recent  analyses  demonstrate
that  while  benchmark  scores  can  remain  stable  under  fixed  test
conditions,  absolute  effectiveness  might  often  decline  significantly
when  inputs  are  varied  or  rendered  more  flexible  [345].  To  better
assess how models perform in real scenarios, it is essential to develop
more  realistic  and  applied  evaluation  tasks.  These  could  include
simulations of customer service dialogues, live coding sessions with
debuggers, multi-step web navigation with actual APIs, or interactive
task  completion  in  sandbox  environments.  Such  benchmarks  would
provide  a  more  reliable  measure  of  practical  capability,  helping  to
align research progress with real-world utility.

Superintelligence assessment. Existing benchmarks for  assessing
LLMs are showing clear signs of saturation. As illustrated in Fig. 6,
key  LLM  capabilities  such  as  general  reasoning,  mathematical
problem-solving, and code synthesis have advanced rapidly in recent
years.  For  example,  on  the  widely  used  MMLU  benchmark  [325],
state-of-the-art  models  now  exceed  human-level  performance  after
large scale training, with DeepSeek-R1 achieving over 90% accuracy
 

 
Fig. 6    Performance trend of LLMs on mainstream benchmarks in recent years
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[29].  As  a  result,  further  gains  on  these  established  benchmarks  are
becoming  increasingly  meaningless.  Although  more  challenging
benchmarks  continue  to  emerge  [329,331,346],  it  remains  unclear
whether  evaluation frameworks  can keep pace  with  the  accelerating
progress of LLMs, or how to define and measure new paradigms of
superintelligent capability.

 ■ 7  Research challenges and open issues
This  section  provides  an  overview  of  several  critical  research
challenges and open issues in LLMs.

Theoretical foundations. The rise of LLMs represents a profound
methodological  shift  in  AI—from  focused  optimization  on  narrow,
task-specific  data  to  a  universalist  paradigm  rooted  in  the  self-
supervised  prediction  of  natural  language  text  [13,347].  Despite
transformative  empirical  results,  fundamental  theoretical  questions
remain  unresolved:  How  does  next-token  prediction  on  unlabeled
data  at  scale  give  rise  to  general-purpose  capabilities?  How  do
Transformer  architectures  form  and  dynamically  compose  internal
representations  for  semantic  modeling?  And  how  does  prompting
functionally  steer  model  behavior  to  perform  target  tasks?  Current
analyses,  including  mechanistic  interpretability,  yield  only
fragmented, post-hoc insights rather than a predictive, first-principles
theory  of  capability  formation.  Developing  a  rigorous  theoretical
foundation is therefore essential to transition from heuristic scaling to
principled  design,  ultimately  enabling  reliable  generalization,
process-aware verification, and intentional steering of future models.

Architecture  innovations. The  standard  Transformer  architecture
is constrained by the quadratic computational complexity of its self-
attention  mechanism  [12].  While  efficiency-focused  modifications
like  sparse  or  linear  attention  alleviate  this  issue  [78,92,95],  they
often struggle to maintain a favorable trade-off between performance
and  efficiency  over  extremely  long  contexts,  or  require  substantial
engineering  effort  to  adapt  for  long-context  deployment.  The
Transformer  architecture  also  shows  weaknesses  in  areas  such  as
factual  recall  and compositional  reasoning [130,132].  Guiding next-
generation designs therefore demands a holistic reassessment of these
core  capabilities,  backed  by  thorough  evaluation  and  systematic
diagnosis. Moreover, progress in this direction faces a major practical
barrier:  the  prohibitively  high  cost  of  testing  new  architectures  at
scale, a challenge even for industrial labs. To manage this, a scaling
ladder approach  has  become  standard  practice:  experiments  are
designed to grow gradually, with each phase of scaling contingent on
clear success from the preceding one. Another promising path is the
co-design of algorithms and hardware for natively optimized systems
[40],  especially  as  isolated  algorithmic  improvements  become
saturated  or  harder  to  achieve.  Ultimately,  moving  beyond  these
limits is necessary to build the more powerful, efficient, and capable
systems that next-generation AI requires.

Scaling  enhancement. Scaling  serves  as  the  foundational
paradigm  in  LLM  development.  It  is  governed  by  the  principle  of
converting  growing  computational  resources  into  enhanced  model
capability—a  core  tenet  of “The  Bitter  Lesson” [348].  Initially,
scaling efforts focused on training-time expansion through increases
in  model  and  dataset  size  [14,18].  More  recently,  test-time  scaling,

exemplified  by  long  chain-of-thought  models  such  as  DeepSeek-R1
[196], has emerged as a powerful complementary dimension. Moving
forward,  scaling  will  remain  essential  for  advancing  machine
intelligence,  but  it  must  evolve  into  a  more  systematic  and
multifaceted  discipline.  On  one  hand,  the  cost  of  current  scaling
approaches  should  be  substantially  reduced—by  investigating
learning  mechanisms,  improving  architectures,  and  optimizing
training  algorithms.  On  the  other  hand,  we  must  architect  new,
inherently scalable training environments designed to systematically
unlock advanced capabilities in LLMs [78,188]. Ultimately, this dual
approach will transform scaling from a blunt-force expansion into an
efficient, directed, and capability-aware engineering practice.

Data  barrier. The  continued  advancement  of  LLMs  is
fundamentally  limited  by  the  growing  scarcity  of  high-quality
training  data,  as  state-of-the-art  models  have  largely  exhausted
existing  public  and  curated  textual  sources  [34].  This  creates  a
critical  scaling  bottleneck  for  future  progress.  To  overcome  this
limitation,  research  can  pursue  two  complementary  directions.  The
first is to enhance data efficiency: this entails maximizing the utility
extracted  from  existing  datasets  and  enhancing  the  functional
capacity  learned  per  token  (i.e.,  token  efficiency).  This  will  require
advances in data curation, training curricula, and model architectures
[46,49,132].  The  second  direction  moves  beyond  static  corpora  to
develop  verifiable,  programmatic  data-generation  environments
[60,78].  These  environments,  such  as  code  execution  sandboxes,
simulation  platforms,  or  reasoning  domains  with  ground-truth
solutions,  can  systematically  produce  vast,  diverse,  and  intrinsically
validated training data. Progress in both areas, improving how data is
utilized and how it is generated, will be essential to transcend current
data limitations and sustain the next generation of LLMs.

Training efficacy. The development of foundational capabilities in
LLMs remains heavily dependent on large-scale pre-training via text
completion on unlabeled corpora [13,347]. Although this method has
proven  effective  and  generalizable,  its  learning  efficiency  is
fundamentally limited: it demands vast datasets spanning trillions of
tokens for cutting-edge models [57,78,188],  a volume far exceeding
the  data  required  for  human  learning  from  textual  materials.  This
reliance  on  scale  highlights  two  pressing  challenges.  First,  we  must
create  more  data-efficient  training  methodologies  to  distill
knowledge and cultivate  capabilities  with greater  precision.  Second,
we  require  scalable,  hardware-friendly  algorithm  to  accelerate  the
pre-training cycle [40]. Progress on these fronts is critical to reducing
the  prohibitive  computational  and  energy  costs  associated  with
current  methods.  Furthermore,  despite  the  growing  competencies  of
LLMs, the mechanisms underlying the formation of specific abilities
remain poorly understood.  This knowledge gap obstructs  systematic
development,  leaving  capabilities  reliant  on  a  costly  trial-and-error
process.  As  a  result,  researchers  lack  reliable  methods  for  steering
training toward desired outcomes, representing a core barrier to more
efficient and controlled model development.

Alignment  and  safety. The  deployment  of  capable  LLMs
introduces  significant  safety  challenges.  Core  risks  include
generating  harmful  or  deceptive  content,  enabling  privacy breaches,
and  amplifying  societal  threats.  Furthermore,  their  probabilistic

Front. Comput. Sci., 2026, 20(12): 2012627

 
Frontiers of Computer Science  | Issue 12 | Volume 20 | December 2026 | 2012627-25



nature leads to unreliable outputs, such as unaware hallucinations and
inconsistent  responses,  which  stem  from  poor  uncertainty
quantification  and  a  general  lack  of  robustness  [349].  Mitigating
these  risks  necessitates  advancing  systematic  alignment  to  improve
safety  and  controllability.  This  effort  requires  deeper  insights  into
model  internals  and  more  sophisticated  techniques,  ranging  from
heuristic  red  teaming  to  learning-based  methods  like  RLHF  [25].
Concurrently,  rigorous  evaluation  frameworks  with  robust
benchmarks and detection tools are critically needed to measure and
monitor  safety.  These  challenges  become  especially  urgent  as  AI
systems approach superintelligent levels [350], potentially exceeding
human capacity for effective oversight and control. This underscores
the  critical  need  to  incorporate  safety  and  ethical  considerations
throughout every stage of AI development.

Capacity  assessment. As  we  scale  up  pre-training  data,  current
evaluation  paradigms  are  often  compromised  by  the  inadvertent
inclusion  of  benchmark-related  data  [341,351],  which  inflates
performance  metrics  and  obscures  models’ true  capacities.  To
address  this,  the  field  must  develop  contamination-free  datasets,
rigorously curated evaluation protocols,  and specialized frameworks
for probing diverse dimensions of model performance. Furthermore,
a  significant  gap  persists  between  benchmark  results  and  practical
utility:  existing benchmarks often fail  to reflect  how LLMs perform
in  real-world  deployment.  Additionally,  it  becomes  increasingly
difficult  to  create  novel,  sufficiently  complex  benchmarks  that  keep
pace  with  state-of-the-art  models  [329].  This  progression  raises  a
fundamental question: how can we effectively evaluate the emerging,
potentially  superintelligent  capabilities  of  LLMs?  Addressing  these
interconnected  issues  requires  the  research  community  to  pioneer
next-generation  evaluation  paradigms  that  are  both  scientifically
rigorous and adaptable to the rapid evolution of language models.

Agentic  AI. Agentic  system  is  an  autonomous  task-solving
frameworks centered on LLMs [268,352]. Conceptually, they can be
understood  as  a  new  form  of  inference—an  extended  and
orchestrated  input-output  mapping  mediated  by  the  models
themselves  [353].  While  this  paradigm holds  immense  potential,  its
practical  implementation  is  fundamentally  constrained  by  the  core
limitations  of  the  underlying  model  and  the  robustness  of  the
supporting  framework.  Current  agents  often  struggle  with  long-
horizon  tasks,  exhibiting  myopic  planning  and  a  limited  ability  to
recover  robustly  from  errors  or  unexpected  tool  outputs.
Furthermore,  effective  context  and  memory  management  is  critical,
as agentic tasks typically involve extensive environmental interaction
and  require  persistent,  well-structured  context  to  maintain  coherent
action  [273].  Addressing  these  challenges  necessitates  developing
sophisticated  agent  architectures  with  dedicated  components  for
memory,  state  management,  and  execution  verification  [188].  A
parallel  training  challenge  exists  as  well:  more  efficient  training
algorithms are required, given that current training environments are
difficult  to  construct  and  resource-intensive  to  scale.  Consequently,
the  path  forward  requires  a  holistic  co-evolution  of  foundation
models,  reasoning  algorithms,  and  system  infrastructure  to  enable
capable and reliable agents in real-world environments.

Sustainability  and  responsibility. Sustainability  must  evolve

from  a  narrow  concern  with  cost  optimization  into  a  foundational
principle  of  responsible  AI  development  [354].  As  LLMs  scale
across training and deployment, their increasing energy consumption
and  carbon  footprint  pose  significant  ecological  challenges,
demanding  efficiency  improvements  across  the  entire  model
lifecycle—from  pre-training  to  sustained  inference.  Beyond
environmental impact,  responsible advancement requires transparent
and accountable practices that center societal well-being [355].  This
includes  establishing  robust  governance  frameworks  to  prevent
misuse and ensuring that LLMs serve the public interest, rather than
being driven solely by entrenched commercial incentives. Ultimately,
the  AI  community  must  champion  open  and  inclusive  access,
democratizing the benefits of LLMs while resisting the concentration
of power that can stifle equity and innovation. True progress lies not
only  in  pushing  the  frontiers  of  capability,  but  in  aligning
technological growth with enduring human values and the collective
good.

 ■ 8  Conclusion
In this survey, we have systematically reviewed recent advancements
in  LLMs,  presenting  the  key  concepts,  methodologies,  and  findings
essential  for  understanding,  developing,  and  leveraging  them
effectively.  Our  discussion  has  centered  on  four  critical  dimensions
of  LLMs:  pre-training  (including  mid-training),  post-training,
utilization,  and  evaluation,  emphasizing  the  core  techniques  and
insights that drive their performance and broad applicability. Looking
ahead,  emerging  directions  such  as  fundamental  theory  research,
data-efficient training paradigms, robust alignment mechanisms, and
agentic  AI  applications  represent  promising  avenues  toward  more
capable,  reliable,  and  ethically  grounded  systems.  By  consolidating
fundamental  literature  and  providing  a  structured  overview  of  both
established  methods  and  emerging  trends,  this  survey  aims  to  serve
as  a  comprehensive  reference  for  navigating  the  rapidly  evolving
landscape of LLMs.
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