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Abstract
Recently,  the  reasoning  capabilities  of  Large  Reasoning  Models  (LRMs),  such  as  DeepSeek-R1,  have  witnessed  significant  advancements
through  computationally  intensive  “slow  thinking” processes.  These  models  have  demonstrated  impressive  performance  across  a  variety  of
complex  reasoning  tasks.  However,  despite  their  remarkable  success,  LRMs  come  with  substantial  computational  demands  that  pose
considerable challenges in terms of resource consumption, scalability, and accessibility. In contrast, Small Reasoning Models (SRMs), which
are often distilled from larger models, offer a more efficient alternative while still achieving competitive performance. Beyond their efficiency,
SRMs  frequently  exhibit  distinct  capabilities  and  cognitive  trajectories  compared  with  their  larger  counterparts,  making  them  particularly
interesting from both practical and theoretical perspectives. In this work, we provide a timely and comprehensive survey of recently published
research  focused  on  SRMs.  We  first  review  the  current  landscape  of  SRMs.  Then,  we  analyze  diverse  training  paradigms  and  inference
techniques tailored to enhance the reasoning capabilities of SRMs. Furthermore, we offer an extensive review of domain-specific applications
where  SRMs have  been effectively  leveraged.  Finally,  we discuss  promising  future  research  directions  that  aim to  bridge  existing  gaps.  By
consolidating  recent  advances,  this  survey  serves  as  an  essential  reference  for  researchers  and  practitioners  interested  in  leveraging  or
developing SRMs to unlock advanced reasoning functionalities with improved efficiency.
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 ■ 1  Introduction
Recently,  the  field  of  Natural  Language  Processing  (NLP)  has
undergone a profound transformation driven by the advent of  Large
Language Models (LLMs) [1], which exhibit remarkable capabilities
across  a  diverse  array  of  downstream  tasks.  Among  these,  Large
Reasoning Models (LRMs) [2],  such as DeepSeek-R1 [3],  stand out
for  their  specialization  in  solving  complex  reasoning  challenges.
These  challenges  span  domains  including  mathematical  problem-
solving, code generation, and logical inference, achieved through the
implementation of computationally intensive slow thinking processes
(e.g.,  multi-step  Chain-of-Thought  (CoT)  reasoning  [4]).  However,
the  impressive  performance  of  these  LRMs  comes  at  a  substantial
cost,  requiring  extensive  computational  resources  for  both  training
and  inference.  For  example,  DeepSeek-R1  contains  approximately
671  billion  parameters  and  mandates  servers  equipped  with  at  least
eight  NVIDIA  A100  GPUs  (80  GB)  or  equivalently  powerful
hardware configurations to enable efficient online deployment.
This  high  barrier  in  computational  demand  has  spurred  growing

interest in the research community to explore the use of significantly

smaller models [5−8], which aim to offer more efficient yet effective
alternatives  to  LRMs  for  complex  reasoning  tasks.  Following  the
release  of  DeepSeek-R1,  the  open-source  community  has  witnessed
numerous  breakthroughs  demonstrating  that  Small  Reasoning
Models  (SRMs),  equipped  with  slow-thinking  mechanisms  such  as
extended  Chain-of-Thought  processes  [4],  can  surpass  much  larger
LLMs on certain specialized reasoning benchmarks, as illustrated in
Fig. 1.  Formally,  we  define  Small  Reasoning  Models  (SRMs)  as
language  models  with  a  substantially  reduced  parameter  count,
typically fewer than 10 billion parameters, that have been specifically
fine-tuned or  trained on reasoning-intensive tasks to generate multi-
step,  interpretable  reasoning  sequences,  thereby  enabling  effective
problem-solving  despite  their  smaller  scale.  Despite  their  reduced
size, SRMs often exhibit distinct cognitive behaviors and processing
dynamics  compared  to  LRMs  [9−11],  suggesting  that  their  training
and  inference  strategies  may  differ  fundamentally.  Comparisons
between LRMs and SRMs on mathematical and coding problems are
illustrated in Figs. 2 and 3. Consequently, significant research efforts
have been devoted to developing SRMs that rival or surpass LRMs in
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a variety of challenging reasoning tasks.
Through  our  survey  of  existing  literature,  we  observe  that  while

there  exist  several  comprehensive  surveys  addressing  the  reasoning
abilities  of  LLMs  [2,12−17],  reviews  focusing  explicitly  on  SRMs
remain  scarce.  This  highlights  a  critical  gap  in  the  literature  for  a
focused overview that consolidates current advances in this emerging
area.  In  this  paper,  we  provide  a  concise  yet  thorough  survey  of
SRMs,  concentrating  on  research  primarily  published  or  publicly
released within the past three years. Our goal is to integrate existing
knowledge on key techniques, prominent applications, and promising
future research directions related to SRMs. The overall structure and
roadmap of our survey are depicted in Fig. 4, providing readers with
a clear guide through the content presented.

● What is covered in this survey?
We begin by providing a quick overview of popular SRMs within the
open-source community. Following this, we examine various training

and inference techniques designed to enhance the reasoning abilities
of  pre-trained  models.  Additionally,  we  survey  domain-specific
applications  leveraging  these  models,  discuss  potential  future
research directions, and offer our own recommendations.

● What is NOT covered in this survey?
This  survey  does  not  address  general  model  architecture  designs  or
core algorithms applicable to LLMs at large, nor does it cover tasks
unrelated  to  complex  reasoning.  Moreover,  it  does  not  focus  on
model  compression  techniques  (such  as  pruning  and  quantization)
and  large-scale  pre-training  strategies  aimed  at  producing  smaller
models,  instead  focusing  specifically  on  techniques  tailored  for
reasoning enhancement.
In  summary,  the  exploration  of  SRMs  surveyed  in  this  paper

represents  a  significant  and  timely  research  direction  for  the  NLP
community.  By  embracing  the  efficiency  and  unique  capabilities  of
SRMs, researchers can accelerate the development of models that are
not only high-performing but also sustainable and practical for real-
world applications.

 ■ 2  A brief history of small reasoning models
Following the release of OpenAI’s o1 model, the AI community has
witnessed  a  notable  paradigm  shift  towards  developing  models
endowed  with  strong  reasoning  capabilities.  This  shift  has  spurred
increased interest in small reasoning models (SRMs) as efficient yet
powerful  alternatives  to  large  reasoning  models  (LRMs).  In  this
section, we review some of the most popular SRMs available in the
open-source  community  that  serve  as  valuable  backbones  for
researchers pursuing further explorations in reasoning-driven NLP.
Prior to OpenAI’s o1, the focus was largely on task-specific SRMs

tailored to particular domains, especially for code-related tasks such
as  code  completion  and  natural  language  to  code  translation,  given
their  extensive  practical  applications.  More  recently,  the  Qwen2.5-
Coder [18] series has emerged, encompassing both LRMs and SRMs
with parameter sizes ranging from 1.5B to 32B. Other notable SRM

 

 
Fig. 1    A  simple  comparison  between  representative  LRMs  (GPT-4o  and
Claude-3.5-Sonnet)  and  SRMs  (DeepSeek-R1-Distill-Qwen-7B)  on  various
reasoning  benchmarks,  including  mathematical  reasoning  benchmarks
AIME2024  and  MATH-500,  the  scientific  question  answering  benchmark
GPQA Diamond, and the coding benchmark LiveCodeBench

 

 
Fig. 2    Comparisons of how LRMs and SRMs solve mathematical reasoning problems. In this example, DeepSeek-R1 and Qwen3-4B serve as
representative models of  LRMs and SRMs, respectively.  Although both provide correct  answers,  we observe that  LRMs tend to employ more
complex reasoning tools to solve the tasks, whereas the reasoning process of SRMs is generally more straightforward (by simple enumeration in
this case)
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series  designed  for  code  tasks  include  DeepSeek-Coder  [19]  and
StarCoder2  [20],  which  demonstrate  robust  reasoning  capabilities
specially  optimized  for  programming-related  problems.  For  a  more
comprehensive overview of code-specific SRMs, readers are referred
to  [21].  Mathematics  constitutes  another  challenging  domain  for
SRMs,  requiring  intricate  multi-step  reasoning  to  address  complex
problems. Notable open-source SRM families in this domain include
Qwen2.5-Math [22], DeepSeek-Math [23], and InternLM-Math [24],
each pushing the boundary of mathematical problem solving through
innovative  model  architectures  and  training  strategies.  Beyond code
and  mathematics,  SRMs  have  also  been  developed  for  specialized
domains  such  as  healthcare,  science,  law,  and  finance.  We  refer
readers to Section 5 for a detailed survey of domain-specific SRMs in
these areas.
With  the  public  release  of  powerful  LRMs  such  as  DeepSeek-R1

and QwQ-32B, which produce explicit  long CoT trajectories as part
of  their  outputs,  there  has  been  a  corresponding  rise  in  general-

purpose  SRMs  capable  of  tackling  a  broad  spectrum  of  reasoning
tasks.  Many  of  these  general-purpose  SRMs  have  been  developed
using  knowledge  distillation  techniques,  wherein  large  reasoning
models  serve  as  teachers  to  transfer  reasoning  abilities  to  smaller,
more  efficient  student  models.  Early  explorations  in  the  field  of
SRMs  include  models  such  as  s1  [25],  LLaMA-O1,  and  Marco-o1
[26],  among  others.  In  addition,  distilled  versions  based  on  the
LLaMA  and  Qwen  series  have  been  released  by  the  DeepSeek  AI
team [3], including models such as DeepSeek-R1-Distill-LLaMA-8B
and  DeepSeek-R1-Distill-Qwen-7B.  Other  notable  general-purpose
SRMs include the OpenThinker series and the DistilQwen reasoning
series [27].
These models demonstrate promising performance across a variety

of  reasoning  benchmarks  while  maintaining  relatively  small
parameter  sizes,  making  them  highly  attractive  for  both  academic
research and practical deployment scenarios. In Table 1, we present a
quantitative  comparison  of  several  recently  released  strong  SRMs

 

 
Fig. 3    Comparisons  of  how  LRMs  and  SRMs  solve  coding  reasoning  problems.  In  this  example,  DeepSeek-R1  and  Qwen3-4B  serve  as
representative models of LRMs and SRMs, respectively. Although both generate correct and nearly identical Python code, we observe differences
in their reasoning processes. LRMs tend to provide more detailed and logical explanations, often including space and time complexity analyses,
whereas the reasoning process of SRMs is relatively simpler
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available  in  the  HuggingFace  open-source  community.  The
benchmarks used for evaluation include AIME2024 and MATH-500,
which  target  mathematical  reasoning;  GPQA  Diamond  [28],  a
challenging  scientific  question-answering  dataset;  and
LiveCodeBench  [29],  a  coding  benchmark.  All  reported  scores  are
sourced  directly  from  the  respective  HuggingFace  model  cards  to
ensure consistency.
In  summary,  the  growing  availability  and  advancement  of  SRMs

signify a significant step forward in the community’s efforts to build
efficient  models  with  strong  reasoning  skills.  By  leveraging  these
models,  researchers  have  access  to  a  variety  of  versatile  and  cost-
effective  backbones  that  facilitate  further  innovation  and
experimentation  in  reasoning-centric  NLP  tasks.  Consequently,
SRMs not  only complement  existing large models  but  also promote
sustainable and accessible research practices for the broader Artificial
Intelligence (AI) community.

 

 
Fig. 4    The roadmap of this survey

  
Table 1    Quantitative comparison among recently released strong SRMs

Model key Parameter size/B AIME2024 MATH-500 GPQA diamond LiveCodeBench

deepseek-ai/DeepSeek-R1-Distill-1.5B 1.5 28.9 83.9 33.8 16.9

open-thoughts/OpenThinker3-1.5B 1.5 52.0 86.4 29.5 39.4

alibaba-pai/DistillQwen-ThoughtY-4B 4 76.7 95.2 56.1 75.8

bespokelabs/Bespoke-Stratos-7B 7 20.0 82.0 37.8 36.1

deepseek-ai/DeepSeek-R1-Distill-7B 7 57.3 89.6 47.3 48.4

alibaba-pai/DistilQwen-ThoughtX-7B 7 56.7 90.2 50.0 56.8

open-thoughts/OpenThinker-7B 7 31.3 83.0 42.4 39.9

open-thoughts/OpenThinker2-7B 7 50.0 88.4 49.3 55.6

open-thoughts/OpenThinker3-7B 7 69.0 90.0 53.7 51.7

deepseek-ai/DeepSeek-R1-Distill-Llama-8B 8 50.4 89.1 49.0 39.6

alibaba-pai/DistillQwen-ThoughtY-8B 8 76.7 94.6 62.1 78.1
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 ■ 3  Training SRMs without pain
In this section,  we discuss effective training pipelines for producing
high-quality  small  reasoning  models  (SRMs)  with  minimal  manual
cost and maximum efficiency. The takeaways for training SRMs are
summarized in Fig. 5.

 3.1  Obtaining the knowledge sources
Creating  high-quality  datasets  that  contain  detailed  reasoning
processes  is  crucial  for  training  SRMs.  Although  human  annotation
typically guarantees high data quality, it is extremely costly and often
impractical,  especially  when  annotating  entire  long  CoT  processes
[4]  required  for  training  SRMs.  Annotators  must  guide  or  even
compose  each  intermediate  reasoning  step  [30],  which  is  labor-
intensive  and  time-consuming.  In  the  following,  we  briefly  discuss

human-model  collaboration  methods  before  focusing  primarily  on
automatic annotation techniques, which offer scalable solutions.
To  support  future  research  efforts,  we  provide  an  ever-growing,

although  incomplete,  list  of  popular  open-source  datasets  featuring
long  CoT  and  output  annotations  generated  by  LRMs,  as  shown  in
Table 2.  These  datasets  are  accessible  via  HuggingFace  Datasets,
offering  a  practical  starting  point  for  researchers  aiming  to  train
SRMs without costly data reproduction.

● Human-model collaboration
Human-model  collaboration  approaches  leverage  large  language
models  or  LRMs  to  perform  initial  annotations  by  utilizing  a  few
carefully  selected  high-quality  examples  as  in-context
demonstrations. Human annotators then intervene only to correct the
low-quality  or  erroneous  annotations,  which  typically  constitute  a

 

 
Fig. 5    Takeaways for training SRMs

  
Table 2    The list of open-source datasets with long CoT and output annotations by LRMs

Dataset key Size Annotator(s) Related paper

FreedomIntelligence/medical-o1-reasoning-SFT 25.4K GPT-4o [31]

FreedomIntelligence/Medical-R1-Distill-Data 22K DeepSeek-R1 [31]

FreedomIntelligence/Medical-R1-Distill-Data-Chinese 17K DeepSeek-R1 [31]

facebook/natural_reasoning 2.8M Llama3.3-70B-Instruct [32]

Congliu/Chinese-DeepSeek-R1-Distill-data-110k 110K DeepSeek-R1 −

open-r1/codeforces-cots 47.8K DeepSeek-R1 −

open-r1/OpenR1-Math-220k 220K DeepSeek-R1 −

SmallDoge/SmallThoughts 50K DeepSeek-R1 −

GeneralReasoning/GeneralThought-323K 323K Multiple −

GeneralReasoning/GeneralThought-195K 195K Multiple −

open-thoughts/OpenThoughts-114k 114K DeepSeek-R1 −

open-thoughts/OpenThoughts2-1M 1M DeepSeek-R1 −

open-thoughts/OpenThoughts3-1.2M 1.2M QwQ-32B −

alibaba-pai/OmniThought 2M Multiple [27]

alibaba-pai/OmniThought-0528 365K DeepSeek-R1-0528 [27]

bespokelabs/Bespoke-Stratos-17k 17K DeepSeek-R1 −

simplescaling/s1K-1.1 1K DeepSeek-R1 [25]

EricLu/SCP-116K 116K o1-mini, QwQ-32B-Preview [33]
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small  fraction  of  the  entire  dataset  [34−38].  This  method  balances
efficiency  and  quality  effectively  by  significantly  reducing  human
involvement while maintaining dataset reliability.

● Automatic annotation
Early  automatic  annotation  efforts  primarily  targeted  complex  tasks
without generating long reasoning trajectories, such as tool usage and
Application Programming Interface (API) calls [39−41]. However, as
annotators’ reasoning capabilities improve, advanced LRMs are now
able  to  generate  lengthy  CoT trajectories  in  a  zero-shot  or  few-shot
manner  [42].  For  instance,  leveraging  DeepSeek-R1  for  automatic
annotation is an efficient solution since it can generate extended CoT
sequences  within  large  context  windows  [3].  This  annotation
paradigm, often referred to as the “knowledge distillation”, has been
widely  used  for  training  various  types  of  smaller  language  models
[43−49].  Notably,  recent  work [50]  demonstrates  that  SRMs can be
trained effectively  purely  on  synthetic  datasets  generated  by  LRMs,
without reliance on human-annotated data.
Another  emerging  trend  is  the  use  of  specialized  agents  that

generate training data through complex operations such as planning,
tool  use,  reflection,  and iterative  refinement.  In  these  setups,  LRMs
not  only  annotate  the  training  data  but  also  provide  explicit
documentation  of  the  decision-making  processes  underlying  their
annotations  [51−55].  These  interaction  steps  themselves  can  be
regarded as  explicit  reasoning processes,  enriching the  training  data
with valuable intermediate supervision signals.
In  addition,  since  long  reasoning  trajectories  inherently  consist  of

multiple  reasoning  steps,  annotating  the  correctness  of  each
intermediate step provides fine-grained feedback that facilitates more
effective  learning  for  SRMs.  Although  these  annotation  tasks  are
more demanding, they are particularly beneficial for training Process
Reward  Models  (PRMs)  [56].  An  early  example  [57]  annotates  the
correctness  of  each  step  in  mathematical  problem  solving.  More
recent  studies  employ Monte  Carlo  sampling techniques  to  evaluate
intermediate  reasoning  steps  based  on  the  average  outcomes  of
inference trajectories starting from those steps [58,59]. Extensions of
these  methods  leverage  Monte  Carlo  Tree  Search  (MCTS)  and  its
variants, using tree search strategies to improve inference quality and
thereby generate higher-quality annotations [60,61].  Taken together,
these techniques suggest that inference-time scaling approaches, such
as  sampling  and  tree  search,  can  be  effectively  leveraged  for
systematic dataset curation to train stronger SRMs.
A summary of these methods is presented in Table 3.

 3.2  Supervised learning

D = {(x(i),y(i))}Ni=1

x(i) y(i)

θ y(i)
t

x(i) y(i)
<t

pθ(y
(i)
t |x(i),y(i)

<t)

Supervised  Fine-Tuning  (SFT)  is  a  widely  adopted  supervised
learning technique to align models with task-specific instructions and
objectives.  With  the  growing  availability  of  high-quality  reasoning
datasets, it  has become natural to extend traditional SFT approaches
to  a  CoT-based  fine-tuning  paradigm.  In  this  paradigm,  SRMs  are
trained  not  only  to  produce  final  answers  but  also  to  explicitly
generate  intermediate  reasoning  steps  in  response  to  given
instructions.  This  explicit  modeling  of  intermediate  steps
significantly  enhances  the  models’  reasoning  capabilities,  enabling
them  to  handle  complex  multi-step  tasks  more  effectively  and
transparently.  Formally,  given  a  training  dataset  ,
where each input   is paired with an output sequence   consisting
of  CoT  reasoning  steps  followed  by  a  final  answer  (distilled  from
teacher  models),  the  objective  is  to  train  a  model  to  generate  the
entire CoT and the answer. Let the model parameters be denoted by
, and the model’s probability of generating a token   conditioned
on  the  input    and  the  previously  generated  tokens    be

. The loss function for a single training example is then
given by the negative log-likelihood of the target sequence:
 

LSFT(θ) = −
N∑

i=1

T∑
t=1

log pθ(y
(i)
t |x(i),y(i)

<t), (1)

Twhere   is the length of the full output sequence. Prior work [3] has
demonstrated  that  combining  CoT-based  SFT  with  knowledge
distillation  techniques  results  in  highly  capable  SRMs  that
outperform models trained solely on final-answer supervision.

∆θ

θ0

Nonetheless, SFT suffers from several inherent limitations. First, it
heavily  depends  on  the  availability  of  large-scale,  high-quality
labeled datasets,  whose creation is  often costly,  labor-intensive,  and
time-consuming.  For  instance,  the  distilled  DeepSeek-R1  models
were  trained  on  datasets  comprising  up  to  800K  samples,
highlighting  the  considerable  data  scale  required  for  effective
supervision  and  generalization.  Second,  fine-tuning  SRMs  is
computationally expensive compared with general-purpose language
models,  especially  when  dealing  with  long  input  sequences
containing detailed CoT trajectories.  This  computational  burden has
motivated  the  community  to  adopt  Parameter-Efficient  Fine-Tuning
(PEFT)  strategies  [62,63]  such  as  LoRA  [64],  QLoRA  [65],
AdaLoRA  [66],  among  others,  which  introduce  low-dimensional
trainable parameters   that adapt the base model without modifying
the  full  parameter  set.  In  PEFT,  let    denote  the  base  model

  
Table 3    Comparison of methods for knowledge sources acquisition

Method Description Pros (Advantages) Cons (Challenges)

Human Annotation Manual annotation of detailed reasoning steps in
datasets. High data quality Expensive, slow, impractical for

long CoT annotations
Human-Model
Collaboration

LRMs generate initial annotations via few-shot
prompting; humans correct errors. Balances quality and efficiency Still requires substantial human

correction effort
One-Pass Automatic
Annotation

Fully automated generation of CoT reasoning
by LRMs.

Highly scalable and efficient;
enables training on synthetic data

May need advanced techniques for
high data quality

Stepwise Fine-
Grained Annotation

Annotate correctness of each intermediate
reasoning step using sampling or MCTS

for finer supervision.

Provides detailed, stepwise
feedback More demanding annotation task
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θ = θ0 +∆θ

D = {(x(i),y(i))}Ni=1

parameters  and    be  the  adapted  parameters  after  PEFT.
The  training  objective  remains  to  minimize  the  negative  log-
likelihood loss over the training dataset  :
 

LPEFT(∆θ) = −
N∑

i=1

T∑
t=1

log pθ0+∆θ
(
y(i)

t | x(i),y(i)
<t

)
, (2)

∆θwhere  only    is  optimized,  which  typically  has  much  lower
dimensionality,  significantly  reducing  memory  footprint  and
computational cost.
Another  notable  drawback  of  SFT  is  its  tendency  to  encourage

SRMs  to  “exploit”  rather  than  “explore”  the  training  distribution,
often  leading  to  models  that  overfit  the  training  data  and  fail  to
generalize  to  novel  problem  instances  or  broader  solution  spaces.
This  limitation  has  spurred  increased  interest  in  Reinforcement
learning (RL)-based approaches, which promote exploration through
reward-driven interactions and can potentially yield more robust and
generalizable  reasoning  abilities.  By  balancing  exploitation  and
exploration,  RL-based  methods  hold  promise  for  enhancing  the
reasoning  skills  of  SRMs beyond  the  capabilities  attainable  by  SFT
alone.

 3.2.1  Reinforcement learning (RL)
RL  offers  a  powerful  alternative  training  approach  for  SRMs  by
enabling  models  to  learn  optimal  strategies  through  trial  and  error,
thus  improving  their  generalization  abilities  beyond  simply
mimicking  gold-standard  responses  during  SFT.  Influential  public
repositories  that  support  RL  training  for  SRMs  include  verl  [67],
ReaLHF [68], AReaL [69], Light-R1 [70], Open-Reasoner-Zero [70],
OpenRLHF [71], and many others.

1) Starting with classical RL methods

θ

πθ(a | s)
a s πθold

The work [72] has popularized Reinforcement Learning from Human
Feedback  (RLHF)  by  employing  Proximal  Policy  Optimization
(PPO) [73] to effectively align LLMs with human preferences. Given
a  policy  (model)  parameterized  by  ,  PPO  aims  to  maximize  the
expected  reward  while  constraining  policy  updates  to  prevent  large
deviations. Let   denote the policy probability of taking action
  in  state  ,  and  let    be  the  policy  before  the  update.  The  PPO

objective with clipping is defined as:
 

LPPO(θ) =E(s,a)∼πθold

[
min
(
rθ(s,a)Â(s,a),

clip(rθ(s,a),1− ϵ,1+ ϵ) Â(s,a)
)]
, (3)

where
 

rθ(s,a) =
πθ(a | s)
πθold (a | s)

, (4)

Â(s,a)

a ϵ > 0

s
a

is the probability ratio between the new and old policies,   is an
estimator  of  the  advantage  function  (measuring  how  much  better
action   is compared to the average), and   is a hyperparameter
controlling the clipping range to ensure stable updates. In the RLHF
context,  the  state    corresponds  to  the  input  prompt  and
dialogue/history  so  far,  the  action    corresponds  to  the  next  token
generated  by  the  model,  and  the  reward  is  derived  from  a  reward
model trained on human preference data. This approach has served as

a  foundational  method  for  improving  model  behavior  in  a  human-
centric manner.
To  further  reduce  the  reliance  on  costly  and  time-consuming

manual  annotation,  recent  paradigms  like  Reinforcement  Learning
from AI Feedback (RLAIF) [74] leverage model-generated labels to
train reward models. This strategy substantially mitigates the burden
of  human  labeling  while  maintaining  strong  alignment  signals.
Importantly, these foundational advances in RL training for language
models  translate  seamlessly  to  SRMs  without  requiring  significant
modification, making them broadly applicable in this domain.

N D = {(x(i),y(i)
+ ,y

(i)
− )}Ni=1

x(i) y(i)
+ y(i)

−

i

To  simplify  the  training  process,  Direct  Preference  Optimization
(DPO)  [75]  introduces  a  more  straightforward  alternative  to
traditional  reward  model  optimization  by  using  a  margin-based  loss
function  that  aligns  models  more  directly  with  preference  data.
Consider  a  dataset  of    preference  tuples  ,
where  for  input  ,    is  the  preferred  output  and    is  the  less
preferred  output,  both  including  CoTs  and  final  answers.  The  DPO
loss for the  th example is defined as:
 

LDPO(θ, i) = − logσ
(
log pθ(y(i)

+ | x(i))− log pθ(y(i)
− | x(i))−β

)
, (5)

σ(·) β > 0where    is  the  sigmoid  function  and    is  a  margin
hyperparameter that controls the strength of preference enforcement.
The overall loss is given by the average over all preference pairs:
 

LDPO(θ) = − 1
N

N∑
i=1

LDPO(θ, i). (6)

This approach reduces the complexity and instability often associated
with  reward  modeling  and  reinforcement  learning.  Building  upon
DPO,  a  series  of  extensions  such  as  KTO  [76],  ODPO  [77],  and
SimPO  [78]  have  been  developed,  which  are  also  highly  suited  for
autoregressive  SRMs  due  to  their  efficient  optimization  properties.
However,  despite  their  advantages,  these  methods  are  not  explicitly
tailored or optimized for the unique challenges posed by the lengthy
CoT sequences typically generated by SRMs. This gap highlights an
important  area  for  future  research  aimed  at  designing  RL-based
techniques  that  can  more  effectively  handle  and  leverage  long,
structured reasoning trajectories.

2) Enhancing multi-step reasoning with outcome reward supervision
A  straightforward  RL  approach  leverages  the  final  outcome  of  a
reasoning  process  as  the  sole  reward  signal,  while  disregarding  the
potentially  informative  intermediate  steps.  Reinforced  Fine-Tuning
(ReFT) [79] exemplifies this strategy by first warming up the model
using  supervised  fine-tuning,  followed  by  an  online  RL  stage
utilizing  PPO.  During  training,  ReFT  samples  multiple  reasoning
trajectories per question and assigns rewards based on the correctness
of  the  final  answer,  effectively  guiding  the  model  to  improve  its
ultimate predictions.
Building upon this, VinePPO [80] tackles a critical issue of bias in

PPO’s  value  network  concerning  intermediate  reasoning  steps.  By
employing Monte Carlo sampling, VinePPO provides unbiased value
estimates,  which  helps  to  better  stabilize  training  and  enhance
performance  on  multi-step  reasoning  tasks.  Similarly,  Critical  Plan
Step Learning (CPL) [81] leverages MCTS to systematically explore
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and  evaluate  planning  steps  within  multi-step  reasoning  processes.
CPL  iteratively  optimizes  both  policy  and  value  models  by
incorporating  intermediate-step  evaluations,  leading  to  substantial
improvements in reasoning accuracy and robustness.
Recently, Group Relative Policy Optimization (GRPO) [23] offers

an alternative by completely eliminating the need for a separate critic
model.  Instead,  it  estimates  rewards  by  comparing  a  group  of
inference  outputs  generated  for  the  same  prompt,  thereby
significantly  reducing  computational  overhead.  GRPO  has  been
successfully applied to train powerful SRMs such as DeepSeekMath-
7B, as well as ultra-large LRMs like DeepSeek-R1 [3].1)

3) Fine-grained RL with process reward supervision
A  notable  limitation  of  relying  solely  on  outcome-based  rewards  is
the  sparsity  of  feedback  signals,  which  can  slow  down  or  hinder
effective learning. To address this, PRMs [56] provide granular, step-
level  feedback  by  evaluating  the  quality  of  intermediate  reasoning
steps throughout the CoT trajectories generated by SRMs. This richer
form of supervision, often referred to as process reward supervision,
enables  more  informative  guidance  at  every  stage  of  the  reasoning
process.  For  example,  Math-Shepherd  [58]  employs  step-by-step
verification  coupled  with  reinforcement  learning  to  enhance
mathematical  reasoning  performance  by  leveraging  PRMs  to  assess
and  reinforce  intermediate  correctness.  Similarly,  Self-Explore  [82]
utilizes PRMs to identify and correct “first pits”, i.e., early mistakes
in problem-solving chains, rewarding corrective steps. This approach
facilitates  self-supervised  fine-tuning,  dramatically  reducing  the
dependency on extensive human annotations.
Process  Advantage  Verifiers  (PAVs)  [83]  focus  on  evaluating

incremental  progress  at  the  step  level  to  selectively  encourage
improvements  in  solution  correctness  during  RL  training.  Beyond
online  RL  methods,  several  off-policy  techniques  inspired  by  DPO
[75] have integrated process reward supervision. For instance, SVPO
[84] employs MCTS to explore diverse reasoning paths and annotate
corresponding  step-level  preferences,  enabling  more  fine-grained
preference-based  optimization.  Additional  search-based  process
supervision  strategies  have  been  explored  in  recent  works  [85−87],
collectively  pushing  the  frontier  toward  more  effective  and
interpretable multi-step reasoning frameworks.

 3.3  Comparison between SFT and RL
SFT  and  RL  represent  two  complementary  paradigms  for  training

SRMs,  each  with  distinct  strengths  and  intrinsic  limitations.  A
summary  between  SFT  and  various  RL  algorithms  is  presented  in
Table 4.
Firstly,  SFT  excels  at  leveraging  large-scale  labeled  datasets  to

directly  teach  models  to  imitate  high-quality  reasoning  paths,
particularly  effective  when  rich  CoT  annotations  are  available.  By
optimizing  the  likelihood  of  expert-generated  sequences,  SFT
enables  efficient  and  stable  convergence,  often  producing  models
with  strong  initial  capabilities.  However,  SFT  heavily  relies  on
expensive, labor-intensive data collection and is prone to overfitting
the observed training distribution.  This can limit  a model’s capacity
to explore alternative reasoning strategies and generalize to novel or
more challenging tasks.
In contrast, RL introduces a flexible framework where SRMs learn

through  reward-driven  trial  and  error,  enabling  better  balance
between  exploitation  of  learned  behaviors  and  exploration  of  novel
solution  paths.  Moreover,  RL  can  exploit  outcome-based  or  fine-
grained  process  rewards,  providing  richer  supervision  that  is  often
unavailable  in  SFT.  Nevertheless,  RL  training  is  typically  more
complex,  computationally  intensive,  and  less  stable,  particularly
when handling the long, structured CoT sequences.
To empirically compare SFT and RL training paradigms for SRMs,

we conduct experiments across multiple benchmarks using Qwen2.5-
7B-Instruct as the backbone model. We train models using SFT with
CoT  annotations  from  the  Bespoke-Stratos-17k  dataset  and  the
OpenThoughts-114k  dataset  on  HuggingFace  datasets,  respectively.
Additionally,  we  test  direct  GRPO  training  on  the  model  backbone
without  any  CoT-based  SFT,  which  results  in  much  poorer
performance  and  failure  to  achieve  convergence.  We  also  assess
hybrid training pipelines that combine SFT initialization followed by
GRPO-based  RL  refinement,  using  a  randomly  sampled  subset  of
1,000  problems  from  the  same  training  set.  All  experiments  are
implemented in PyTorch and conducted on a server with eight A800
GPUs (80GB). The experimental results and their respective training
time,  summarized  in  Table 5,  provide  empirical  insights  into  the
trade-offs  between  direct  imitation  and  reward-driven  exploration,
demonstrating that combining SFT initialization with subsequent RL
refinement yields the best overall performance.

 ■ 4  Boosting SRM inference with scale
Complex  reasoning  tasks  often  require  multi-step  computations  and
sophisticated  inference  strategies.  In  this  section,  we  explore  key

  
Table 4    Summary and comparison of SFT vs. RL methods for SRMs

Category Representative methods Supervision signal Pros Cons

SFT CoT-based SFT Gold CoT
annotations

Strong alignment; explicit chain-
of-thought

Data-hungry; expensive compute
for long CoT

RL (Classical) RLHF/RLAIF (PPO), KTO,
ODPO, SimPO Human preference Learns preferences; fewer manual

labels
Not tailored for long CoT; still

needs reward models
RL (Outcome
Reward) ReFT, VinePPO, CPL, GRPO Final‐answer

correctness
Encourages exploration; GRPO

removes critic
Sparse feedback; ignores

intermediate steps
RL (Process
Reward)

Self-Explore, PAVs, SVPO,
GRPO

Step‐level
(process) rewards

Dense, fine-grained supervision;
early error correction

Requires PRMs; higher
computational cost
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approaches for effectively scaling the reasoning capabilities of SRMs
during inference. The takeaways are summarized in Fig. 6.

 4.1  Chain-of-thought (CoT) prompting
Chain-of-thought  prompting,  an  influential  extension  of  few-shot
prompting  [88],  has  demonstrated  broad  applicability  well  beyond
classical  algorithmic  and  structured  reasoning  tasks.  This  approach
initially emphasized the explicit generation of intermediate reasoning
steps  as  a  way  to  improve  interpretability  and  performance  [89,90].
Though  simple  random  sampling  of  reasoning  trajectories  is
computationally  straightforward,  it  often  proves  inefficient  and
suboptimal  because  it  distributes  limited  test-time  computational
budgets  across many less promising branches [91,92].  To overcome
these challenges, recent research has concentrated on mechanisms for
prioritizing the most promising reasoning paths or intermediate steps,
effectively narrowing the search space to enhance both efficiency and
solution  quality  [93−95].  CoT-SC  [93]  extends  conventional  CoT
prompting  by  adopting  a  tree-structured  framework,  where  multiple
chain-of-thought branches are expanded from the same initial prompt
in  parallel.  Among  these  branches,  the  one  that  leads  to  the  best
performance  or  most  accurate  final  answer  is  selected,  thus
effectively  leveraging  exploration  while  managing  computational
costs.  Similarly,  SoT  [96]  innovates  by  directing  SRMs  to  first
generate  an  answer  skeleton.  This  skeleton  provides  a  high-level
scaffold, which is then efficiently completed via parallel API calls or
batched  decoding  to  fill  in  detailed  points,  thereby  speeding  up
inference  without  sacrificing  reasoning  quality.  More  recently,
numerous  works  have  explored  Tree  of  Thoughts  [94,97],  which
employ  sophisticated  tree  search  strategies  to  decompose  complex
questions into smaller, manageable sub-questions. Each sub-question
is  then  addressed  through  distinct  prompts,  significantly  enhancing
the  diversity  and depth  of  reasoning processes  and enabling  models

to  tackle  more  challenging  problems  with  greater  accuracy.  As
shown  in  Fig. 7,  we  evaluate  the  performance  of  CoT  and  ToT
prompting  on  challenging  reasoning  benchmarks.  The  results  show
that ToT outperforms CoT, especially in mathematical reasoning, due
to  its  ability  to  decompose  complex  problems  into  simpler
subproblems.  However,  it  is  worth  noting  that  ToT  often  results  in
longer reasoning processes than CoT, typically requiring 3 to 5 times
more inference steps in our experiments.

 4.2  Agent-based reasoning
Agent-based  reasoning  methods  can  be  broadly  classified  into  two
categories:  agent  collaboration  for  managing  distinct  roles,  and  the
design or learning of agent communication graphs.

● Agent collaboration
Collaborative  communication  among  multiple  agents  has  recently
emerged  as  a  highly  effective  mechanism  to  enhance  the  reasoning
performance  and  robustness  of  individual  SRMs  [98−100].  These
approaches  typically  revolve  around  two  fundamental  types  of
communication paradigms: intra-flow and inter-flow communication.
Intra-flow  communication  refers  to  the  message  exchanges

occurring  among  agents  within  a  single  conversation  round  or
interaction  step.  Several  common  communication  topologies  have
been  proposed  and  studied:  1)  Immediate  output,  where  agents
operate  independently  without  direct  communication  and  produce
responses  solely  based  on  their  own  internal  reasoning  capabilities
[98,101];  2)  Chain-style  connection,  which  establishes  a  sequential
communication  flow  in  which  messages  or  information  are
propagated  step-by-step  from  one  agent  to  the  next  in  a  linear
pipeline [102−104]; 3) Tree-style connection, where communication
follows  a  hierarchical  structure  guided  by  a  supervisory  root  or
manager  agent  that  directs  and  coordinates  subordinate  agents  in  a

  
Table 5    Empirical analysis of how the reasoning abilities of SRMs progressively improve through SFT and RL

Training setting AIME2024 MATH-500 GPQA Diamond LiveCodeBench Training time/h

Zero-shot learning 10.0 73.6 33.3 30.7 −

Training Set: Bespoke-Stratos-17k

SFT 20.0 80.0 37.4 31.3 0.5

SFT+GRPO 26.7 84.4 40.9 36.0 0.5+0.5

Training Set: OpenThoughts-114k

SFT 31.3 83.0 42.4 39.9 3

SFT+GRPO 43.3 86.0 42.9 44.2 3+0.5

 

 
Fig. 6    Takeaways for boosting the reasoning capabilities of SRMs during inference
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multi-level  fashion  [105−107];  4)  Graph-style  connection,  which
models  agents  as  nodes  in  a  flexible  graph  topology  where
information  can  flow  dynamically  along  edges,  allowing  complex
interaction  patterns  and  richer  information  exchange  [108−110].
5)  Sequential-style  connection,  These  works  introduce  a  novel
framework  that  reconceptualizes  multi-agent  corporation  using  a
sequential  approach  instead  of  a  graph-based  structure,  dynamically
choosing the optimal agent role at every step and allowing agents to
selectively retrieve pertinent information from prior steps [111,112].
Inter-flow  communication,  on  the  other  hand,  focuses  on  the

propagation  and  transformation  of  information  across  successive
rounds or iterations of agent interactions. Typical inter-flow patterns
include: 1) Full connection, where each agent receives all utterances
or  messages  generated  by  every  other  agent  in  the  previous
interaction  round,  facilitating  comprehensive  information  sharing
[98];  2)  Partial  connection,  involving  selective  filtering  or  scoring
mechanisms that evaluate and rank agents’ outputs, allowing only the
most relevant or highest-quality responses to be propagated forward
[113,114];  3)  Summarization,  where  dialogues  or  communication
history  from  prior  rounds  are  compressed  into  concise  summaries,
enabling more efficient and scalable communication among agents in
subsequent  rounds  without  sacrificing  important  contextual
information [115−117].

● Agent graphs
Enhancing agent  cooperation through learned or  pre-designed graph
connectivity  has  long  been  recognized  as  an  effective  strategy  in
multi-agent systems. Prior to the emergence of LLM-powered agents,
significant research focused on optimizing communication topologies
leveraging  advanced  techniques  such  as  graph  diffusion  [118],
weighted  graph  neural  networks  [119],  and  transformer-based
architectures  [120].  These  approaches  aim  to  optimize  the  flow  of
information  and  coordination  among  agents,  facilitating  more
coherent and effective group behavior.
With  the  advent  of  LLM-powered  agents,  new  frameworks  have

begun to implicitly or explicitly employ graph structures to represent

complex  interaction  patterns  during  simultaneous  communications.
For  instance,  ChatEval  [121]  and  AutoGen  [105]  utilize  graph-like
representations  to  manage  multi-agent  conversations,  enabling
coordinated  reasoning  in  a  distributed  manner.  Similarly,  STOP
[122]  and  DSPy  [123]  jointly  optimize  both  prompt  design  and
inference  structure,  effectively  shaping  the  underlying
communication  graph  to  improve  agent  collaboration.  More
explicitly,  MacNet  [124]  and  GPTSwarm  [109]  model  agent
interactions using directed acyclic graphs, which facilitate structured,
hierarchical information flow and reasoning processes.
Distinguishing  these  modern  developments  from  classical

approaches,  CDC  [118]  focuses  on  dynamically  modifying
communication graphs via diffusion processes, adapting connectivity
patterns  in  an  online  fashion.  TWG-Q  [119]  emphasizes  temporal
weight  learning  within  weighted  graph  convolutional  networks  to
capture evolving agent relations over time. In contrast, CommFormer
[120]  adopts  a  novel  paradigm  by  learning  a  static  communication
graph  prior  to  inference,  trading  off  adaptivity  for  enhanced
efficiency  and  scalability.  This  pre-learned  graph  serves  as  a
powerful  prior  for  agent  collaboration,  setting  it  apart  from  both
traditional  dynamic  graph  methods  and  more  recent  LLM-driven
interaction models. Overall,  these varied strategies illustrate the rich
landscape of agent graph modeling, offering diverse tools to optimize
multi-agent  communication  and  reasoning  in  increasingly  complex
environments.

 4.3  Inference time scaling
Optimizing  the  allocation  of  computational  resources  during
inference  is  a  critical  avenue  for  achieving  substantial  efficiency
gains  [91].  Self-enhanced  tree  search  methods  [125,126]  effectively
integrate  multiple  reasoning  trajectories  by  leveraging  sparse
activation mechanisms, allowing for more efficient execution without
sacrificing  performance.  Complementing  this,  step-wise  verifiers
dynamically  prune  the  search  space  by  filtering  out  less  promising
paths  early  in  the  inference  process  [30,127],  significantly  reducing
unnecessary computation. Along similar lines, two-stage elimination
techniques  employing  pairwise  comparisons  iteratively  refine
candidate  solutions  to  enhance  inference  quality  and  robustness
[128].  Moreover,  iterative  refinement  approaches  [129−132]  have
demonstrated  noteworthy  success  in  solving  complex  tasks  by
progressively improving model outputs through multiple passes. The
S1  method  [25]  further  introduces  a  simple  yet  effective  test-time
scaling  strategy,  imposing  inference  length  constraints  to  more
judiciously utilize computational resources.
Differentiating themselves  from naive  repeated sampling,  scaling-

based inference methods empower models to iteratively generate and
refine  solution  candidates  conditioned  on  prior  attempts  [133,134].
Prominent  algorithms  such  as  MCTS  [135−137]  and  guided  beam
search [138] effectively unify aspects of both sequential and parallel
inference  scaling  [25],  utilizing  tree-based  search  strategies  to
explore solution spaces efficiently [92,139]. Among these, REBASE
[92]  stands  out  by  introducing  an  innovative  process  reward  model
that adeptly balances exploration and exploitation through intelligent
pruning  during  tree  search.  Empirically,  REBASE  consistently

 

 
Fig. 7    A  simple  comparison  between  CoT  and  ToT  prompting  based  on
DeepSeek-R1-Distill-Qwen-7B  on  various  reasoning  benchmarks,  including
mathematical  reasoning  benchmarks  AIME2024  and  MATH-500,  the
scientific  question  answering  benchmark  GPQA  Diamond,  and  the  coding
benchmark LiveCodeBench
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outperforms  both  standard  sampling-based  methods  and  traditional
MCTS, establishing a new state-of-the-art in inference efficiency.
Reward  models  occupy  a  central  role  in  guiding  these  inference-

time  scaling  techniques  and  broadly  fall  into  four  key  categories:
outcome-based,  process-based,  endogenous-based  and  multi-object
reward  models.  Outcome  reward  models  [140,141]  primarily  assess
the quality of final answers using scoring functions, playing a crucial
role  in  Best-of-N  selection  frameworks  where  multiple  candidate
responses  are  generated  and  the  best  is  chosen.  In  contrast,  process
reward models  [58,92,140] provide richer  supervision by evaluating
intermediate  reasoning  steps.  This  fine-grained  guidance  proves
especially  valuable  for  navigating  tree-based  search  spaces  and
supporting  iterative  inference,  as  it  enables  the  selective  pruning  of
unpromising  paths  and  fosters  more  targeted  refinement  of  partial
solutions.  The  endogenous-based  rewards  generated  by  the  model
itself  based  on  internal  states  or  learning  processes  rather  than
directly  provided  by  the  external  environment.  A  representative
method  is  curiosity-driven  rewarding  models  that  it  predicts
environmental  dynamics  with  errors  via  predicting  the  next  state
[142]. Multi-objective rewards are often aimed at task objectives that
are not single. The reward function is designed as a weighted sum of
multiple  sub-objectives  or  a  more  complex  combination  [143,144].
Together,  these  reward  model  families  underpin  the  success  of
modern inference scaling methods, driving both improved efficiency
and enhanced reasoning quality.

 ■ 5  Domain-specific applications
While  LRMs  demand  broad  knowledge,  domain-specific  SRMs
emphasize  deep  expertise  within  targeted  fields.  This  section
highlights prominent SRM applications across diverse domains. The
takeaways are summarized in Fig. 8.

 5.1  Healthcare
Hippocrates  [149]  provides  open  access  to  datasets,  codebases,
models,  and  training  protocols.  It  is  trained  on  a  comprehensive
medical  corpus  including  Medical  Guidelines,  PMCPatients  [156],
and  PubMedQA-contexts  [157],  totaling  approximately  300  million
tokens. The Hippo series follows a training pipeline of continual pre-
training,  SFT,  and  RLHF.  Fine-tuned  versions  of  Mistral  and
LLaMA-2  compete  robustly  against  several  70B  parameter  models;
for  instance,  Hippo-Mistral-7B  attains  59.9%  accuracy  on  MedQA,
exceeding Meditron-70B’s 58.5% [158].
BioMedLM  [159]  is  a  2.7B  parameter  model  pre-trained  on

PubMed  data  [160].  AdaLM  [151]  advances  domain-specific
modeling  via  continued  training  focused  on  medical  data,
demonstrating  that  an  adaptation-then-distillation  strategy  yields
superior  results.  MentalLLaMA  [146]  pioneers  two  important
contributions:  1)  the  first  IMHI  dataset  for  mental  health  analysis,
and 2)  the  first  open-source model  enabling explainable  analyses  of
social media content related to mental health.
HuatuoGPT-o1  [31]  introduces  verifiable  medical  problems

alongside  a  domain-specific  medical  verifier  that  assesses  model
outputs’ accuracy. This verifiability supports a two-step approach for
advancing medical reasoning: 1) employing the verifier to guide the
search for complex reasoning paths, and 2) leveraging reinforcement
learning with verifier-based reward signals to iteratively improve the
model’s capacity to handle intricate medical reasoning scenarios.

 5.2  Science
SciGLM  [147]  is  a  scientific  SRM  developed  to  overcome  data
scarcity  via  a  self-reflective  instruction  annotation  framework.
Utilizing  GPT-4  [161],  it  generates  step-by-step  reasoning  for
unlabeled  scientific  questions  through  a  three-stage  process  with
structured  prompts:  CoT  prompting  to  elicit  stepwise  reasoning,
reflective  prompting  to  detect  and  correct  errors,  and  answer
integration to consolidate corrected solutions for accurate outputs.
Llemma  [162],  adapted  from  CodeLlama  [163],  focuses  on

advanced mathematical reasoning. Through extended pre-training, its
7B  parameter  model  is  fine-tuned  on  55  billion  tokens  from  the
newly constructed Proof-Pile-2 dataset, which encompasses scientific
publications,  mathematical  Web  content,  and  computational  math
resources.  Llemma  consistently  outperforms  similarly  sized  models
on  benchmarks  such  as  MATH [164],  GSM8k [165],  OCWCourses
[166], MMLU-STEM [164], and SAT.
ChemLLM  [148]  is  a  chemistry-focused  SRM  employing  its

proprietary  ChemData  framework,  which  reformats  chemical
knowledge  into  conversational  question  answering  pairs.  Built  atop
InternLM2-Base-7B  [167],  ChemLLM  first  strengthens  its  core
competencies via pre-training on 1.7M question answering pairs from
HuggingFace’s  multi-domain  corpus.  Subsequent  SFT  incorporates
both  ChemData  and  the  multi-domain  corpus  to  preserve
generalization  while  specializing  in  chemistry.  ChemLLM achieves
remarkable performance in interdisciplinary chemistry tasks, rivaling
GPT-4  [161]  across  multiple  domains  and  consistently  surpassing
GPT-3.5 [72]. Notably, it attains a 92.6 score on Mol2caption, nearly

 

 
Fig. 8    Takeaways for developing SRMs for domain-specific applications
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matching GPT-4’s level.
AstroLLaMA  [145]  targets  astronomy  applications.  Based  on

LLaMA-2-7B  [168],  it  undergoes  extended  pre-training  on  over
300K  astronomy  abstracts  from  arXiv.  AstroLLaMA  supports
diverse astronomy tasks such as automated paper summarization and
conversational assistance for research.

 5.3  Coding
The use  of  SRMs for  coding presents  a  viable  alternative  to  LLMs,
owing  to  their  lower  computational  demands  and  potential  for
domain-specific optimization. While LLMs excel in code generation
and  programming  assistance,  SRMs  offer  advantages  such  as  faster
inference, lower operational costs, and better suitability for real-time
applications where quick responses are essential.  Key representative
works are discussed next.  For example,  Phi-1 [169] is  a  1.3-billion-
parameter  Transformer  model  that  focuses  on  basic  Python
programming  and  achieves  strong  performance  on  benchmarks  like
HumanEval  [169],  which  comprises  164  coding  challenges.  Later
iterations, such as Phi-1.5 and Phi-2, further improve these abilities,
while  Phi-3  highlighted  SRMs’  capacity  to  compete  with  larger
models  [170].  The  newest  release,  Phi-3.5-mini,  with  3.8  billion
parameters,  leverages  advanced  fine-tuning  and  optimization
methods to excel in long-context tasks, matching the performance of
larger  models  like  Llama-3.1-8B-instruct  [171]  and  outperforming
smaller ones such as Gemma-2 [172].
Another development approach involves adapting general-purpose

SRMs  for  coding  tasks  through  fine-tuning  [19,20,173].  A  notable
example is the CodeLlama series [173], derived from Llama2 [168],
which  undergoes  extensive  domain-specific  training  to  specialize  in
programming languages like Python. These models are optimized for
tasks  such  as  syntax  error  detection,  code  recommendations,  and
infilling—where they predict and insert missing code segments.

 5.4  Other domains
1)  Legal  applications:  LaWGPT  [174]  is  a  family  of  models
developed  to  enhance  legal  vocabulary  coverage,  pretrained  on
extensive  Chinese  legal  corpora  to  improve  semantic  understanding
in the legal domain. Lawyer LLaMA [175] serves as a Chinese legal
SRM  trained  on  comprehensive  legal  datasets  to  assist  in  legal
guidance,  case  evaluation,  and  drafting  legal  documents.  ChatLaw
[176] is a series of open-source legal SRMs, including ChatLaw-13B
and  ChatLaw-33B,  trained  on  a  large  corpus  of  legal  news,  forum
discussions, and judicial interpretations.
2)  Financial  applications:  Fin-R1  [177]  produces  a  high-quality

CoT  dataset,  carefully  distilled  and  filtered  from  multiple
authoritative  financial  sources,  focused  on  professional  financial
reasoning tasks. A financial SRM is also specifically trained to fulfill
industry  requirements  such  as  decision-making  support  and
numerical accuracy.
Together,  these  domain  SRMs  highlight  the  powerful  synergy  of

specialized  datasets,  continual  training,  and  tailored  architectures,
enabling high-quality reasoning within focused areas of expertise.

 5.5  Ethical considerations and their migration for applications
The  knowledge  transfer  of  LRMs  to  SRMs  with  fewer  parameters

often introduces significant challenges such as bias and hallucination
[152,178–179].  These  biases  tend  to  manifest  differently  across
domains,  necessitating  targeted  debiasing  approaches  tailored  to
domain-specific characteristics [153,180].
In  healthcare,  medical  decision-making  is  shaped  by  a  complex

interplay  of  patient  adherence,  clinicians’  experiential  knowledge,
ethical  considerations,  and  inherent  cognitive  biases.  Studies  have
shown that SRMs processing clinical  questions containing cognitive
biases  exhibit  significantly  reduced  accuracy  compared  to  unbiased
question  formulations  [181].  For  instance,  the  BiasMedQA  dataset
[153] includes clinical vignettes annotated with a range of cognitive
biases.  SRMs  tasked  with  these  vignettes  must  identify  correct
diagnoses  while  coping  with  the  embedded  biased  context,
highlighting a critical challenge in domain-specific model robustness.
Similarly,  in  the  financial  domain,  a  phenomenon  known  as

“company-specific  biases” has been observed [180].  Here,  language
models’ general knowledge of firms can influence sentiment analysis
of  financial  texts,  where  sentiment  scores  differ  notably  when
company  names  are  present  versus  anonymized.  This  discrepancy,
quantified  as  company-specific  bias,  not  only  affects  text
interpretation  but  also  has  broader  economic  implications.
Researchers  have  developed  economic  models  demonstrating  that
such  biases  can  systematically  distort  investor  behavior  and
ultimately  impact  stock  prices  when  these  skewed  sentiments  are
widely adopted.
While this  survey primarily focuses on technical  advancements in

SRMs,  it  is  crucial  to  acknowledge  that  SRMs  often  inherit  biases,
fairness  issues,  and  privacy  vulnerabilities  from  their  larger  LRM
predecessors.  Such  inherited  problems  may  propagate  into
downstream  applications  if  left  unchecked.  Addressing  these
challenges  requires  integrating  comprehensive  bias  auditing
protocols  throughout  the  SRM development  lifecycle.  This  includes
rigorous  evaluation  on  diverse,  representative,  and  fairness-focused
benchmarks  [154,182].  Promising  mitigation  strategies  comprise
counterfactual  data  augmentation  [183],  bias-aware  training
methodologies [184], and embedding ethical constraints directly into
reasoning  procedures  [155].  Coverage  of  these  approaches  exceeds
the  scope  of  this  survey;  therefore,  readers  interested  in  a  deeper
exploration are encouraged to consult  dedicated reviews and studies
on bias, fairness, and ethical AI in language models [185−187].

 ■ 6  Future research directions
In  this  section,  we  highlight  several  promising  avenues  for  future
research on SRMs, aiming to address current limitations and unlock
their full potential.

1) Enhanced distillation techniques
While  current  distillation  methods  have  effectively  transferred
knowledge from LRMs into more compact and efficient SRMs, there
remains  considerable  room  for  improvement.  First,  due  to  their
reduced  size  and  limited  capacity,  SRMs  often  struggle  to  master
highly  challenging  reasoning  tasks.  A  promising  direction  involves
developing  iterative  knowledge  transfer  frameworks  that
progressively distill increasingly complex reasoning capabilities from
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LRMs  to  SRMs.  By  starting  with  fundamental  reasoning  problems
and  gradually  incorporating  more  sophisticated  CoT  reasoning
techniques, it is possible to yield SRMs that are both more robust and
generalizable  across  diverse  tasks.  Second,  although  SFT-based
distillation  has  achieved  notable  success,  integrating  RL  within  the
distillation loop could further enhance performance. This integration
would enable the identification and correction of specific weaknesses
in  SRMs  through  targeted  feedback,  thereby  fostering  continual
improvement  in  reasoning  abilities.  Finally,  enriching  SRMs  by
incorporating  external  knowledge  sources,  such  as  knowledge
graphs,  domain-specific  ontologies,  or  curated  knowledge  bases,
during  the  distillation  process  could  better  contextualize  reasoning.
This  enrichment  would  endow  models  with  a  broader  background
knowledge  and more  accurate  inference  skills,  ultimately  leading  to
stronger generalization and adaptability in real-world applications.

2) Adaptive RL strategies
Adaptive  RL  methods  present  a  highly  promising  avenue  for
advancing  the  capabilities  of  SRMs.  Given  the  inherently  limited
capacity of SRMs to effectively explore solution spaces that deviate
significantly  from  their  initial  training  distributions,  it  becomes
critical  to  develop  adaptive  mechanisms  that  dynamically  balance
exploration  and  exploitation  in  a  manner  tailored  to  the  unique
characteristics  of  SRMs.  For  instance,  implementing  adjustable
exploration rates that adapt based on factors such as task complexity,
model  confidence,  or  real-time  performance  metrics  could  enable
SRMs  to  more  effectively  navigate  complex  learning  landscapes,
thereby  avoiding  premature  convergence  to  suboptimal  solutions.
Furthermore,  the  design  of  task-specific  reward  functions  plays  a
crucial  role  in  guiding  SRMs  to  capture  nuanced  decision  criteria,
which in turn drives measurable improvements in both accuracy and
computational  efficiency.  In  addition  to  these  strategies,
incorporating  continual  learning  frameworks  that  allow  SRMs  to
iteratively update their knowledge base and policy decisions based on
new interactions, external feedback, and shifting domain distributions
will be essential. Such continual adaptation mechanisms will support
sustained,  long-term  reasoning  performance,  ensuring  that  SRMs
remain resilient and effective as they encounter novel challenges and
evolving real-world environments.

3) Learning and inference in low-resource settings
Expanding  the  applicability  of  SRMs  to  low-resource  scenarios
represents  a  critical  and  timely  research  frontier.  Many  real-world
domains  are  characterized  by  scarce  high-quality  data,  limited
computational  resources,  and constrained deployment environments,
all of which pose significant challenges to effective reasoning model
development.  One  promising  direction  is  to  investigate  methods  for
cross-domain  knowledge  transfer,  such  as  leveraging  CoT  datasets
and models pre-trained on related or higher-resource domains.  Such
approaches  can  substantially  enrich  the  reasoning  capabilities  of
SRMs  in  low-resource  settings  without  incurring  the  high  costs
associated  with  extensive  manual  annotation.  While  parameter-
efficient  fine-tuning  techniques  for  SFT  have  been  extensively
studied  [64,65],  their  efficacy  and  adaptation  in  RL  settings  for

SRMs  remain  largely  unexplored.  Systematic  investigations  are
therefore  necessary  to  elucidate  when  and  how  these  parameter-
efficient methods can effectively reduce computational burdens while
simultaneously  preserving  or  even  enhancing  learning  performance
during RL-based training of SRMs. Addressing these challenges will
be crucial for enabling robust, scalable, and accessible SRMs capable
of functioning effectively under low-resource constraints.
In addition to model training in resource-constrained environments,

recent  advances  in  model  compression  and  optimization  techniques
have  gained  increasing  importance,  particularly  lower-precision
inference  methods.  For  instance,  QLLM [188]  effectively  quantizes
models  to  4  bits  on  a  single  GPU.  DecoupleQ  [189]  is  a  Post-
Training  Quantization  (PTQ)  method  that  improves  accuracy  for
quantized models at 2 bits. More recently, PTQ-1.61 [190] has been
proposed  as  an  ultra-low-bit  PTQ  approach,  enabling  weight
quantization  to  1.61  bits.  ParetoQ  [191]  serves  as  a  general
evaluation  framework  for  comparing  models  across  various
quantization  levels,  including  1-bit,  1.58-bit,  2-bit,  3-bit,  and  4-bit
settings. These techniques considerably reduce memory footprint and
computational  overhead  while  preserving  reasoning  performance.
Future  research  should  rigorously  explore  integrating  ultra-low-bit
quantization  with  reasoning-specific  fine-tuning  to  maintain  or
enhance model  accuracy.  Furthermore,  combining quantization with
complementary optimization methods, such as knowledge distillation
or  PEFT  [192],  presents  promising  directions  to  improve  the
accessibility  and  applicability  of  SRMs  across  diverse  deployment
scenarios.

4) Agent-based efficient inference
Agent-based  cooperative  reasoning  has  demonstrated  substantial
promise  in  improving  the  performance  of  SRMs  on  complex  and
challenging  tasks.  Despite  these  advances,  current  multi-agent
systems often suffer from significant token overheads and increased
operational  costs,  which  pose  serious  limitations  on  their  scalability
and  widespread  adoption.  To  address  these  challenges,  future
research  should  prioritize  the  seamless  integration  of  efficient
communication and coordination strategies within mainstream multi-
agent  SRM  frameworks.  This  includes  the  development  of
mechanisms to  actively  filter  out  redundant  or  potentially  malicious
interactions,  thereby  ensuring  the  integrity  and  efficiency  of  agent
collaboration [110,193].  Specifically,  optimizing adjacency matrices
that  represent  communication  graphs  could  allow  these  systems  to
dynamically  identify  and  prune  both  redundant  agents  and
unnecessary  cross-round  interactions.  Such  dynamic  pruning  would
not  only  improve  token  efficiency  but  also  enhance  overall  task
performance  by  focusing  computational  resources  on  the  most
relevant  information  exchange.  These  advancements  are  critical  to
enabling  more  scalable,  reliable,  and  cost-effective  deployment  of
collaborative  SRMs,  paving  the  way for  their  application  in  diverse
real-world scenarios with complex reasoning requirements.

5) Expanding domain-specific SRMs
The  ongoing  development  of  domain-specific  SRMs  presents
significant  opportunities  to  enhance  their  capabilities  across  three
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critical  dimensions:  inference  efficiency,  task-specific  performance,
and reinforcement learning optimization. Current researches indicate
substantial  potential  for  architectural  innovations  that  could  further
accelerate SRMs’ inference speeds through dynamic sparse attention
mechanisms  [194]  and  advanced  quantization  techniques  [195],
particularly  when  processing  domain-specific  data  patterns.  The
pursuit of superior task performance necessitates deeper investigation
into meta-learning frameworks [196] and novel model thinking [197]
that can more effectively capture domain knowledge structures while
maintaining  model  efficiency.  Reinforcement  learning  approaches
offer promising pathways for refining SRMs’ outputs to better align
with  domain  expert  expectations,  though  this  requires  developing
more sophisticated reward functions capable of quantifying nuanced
domain  requirements  [198–199].  Practical  deployment
considerations, including energy-efficient inference architectures and
privacy-preserving  specialization  techniques,  represent  equally
important  research  frontiers  that  will  determine  the  real-world
viability  of  these  models  [200].  We  stress  the  importance  of
balancing  model  performance  with  inference-efficiency  techniques
for  small  domain  models  and  of  jointly  optimizing  both  to  better
meet enterprise requirements.

6) From Uni-modal to multi-modal reasoning
An important and emerging direction for SRMs is their extension to
multi-modal  reasoning  applications,  where  models  process  and
integrate  information  from  diverse  data  modalities  such  as  text,
images, audio, and video. To date, SRM research has predominantly
focused  on  uni-modal,  text-based  reasoning  tasks,  leaving  a
significant  gap  in  their  applicability  to  interdisciplinary  challenges
that  require  complex  interactions  across  multiple  sensory  inputs.
Notably,  VisualThinker-R1-Zero  [201]  is  among  the  first  works  to
observe  the  “aha  moment”  using  RL  in  visual  reasoning  with  a  2B
non-SFT  model.  Similarly,  VLM-R1  [202]  facilitates  multi-modal
SRMs  to  generate  R1-style  reasoning  processes  for  visual  tasks.
Visual-RFT [203] further extends the combined training paradigm of
SFT and RL to the multi-modal domain. We argue that this emerging
field  remains  in  its  early  stages.  Future  research  should  focus  on
designing specialized training paradigms, inference mechanisms, and
architectural adaptations tailored for efficient and robust multi-modal
reasoning, especially within the parameter constraints of SRMs.

7) Deployment and application on edge devices
As  SRMs  inherently  require  fewer  computational  resources  than
LRMs, they present a promising opportunity for deployment on edge
devices  such  as  smartphones,  IoT  gadgets,  and  embedded  systems.
Future  research  should  explore  optimizing  SRMs  for  such
environments,  focusing  on  reducing  latency,  memory  footprint,  and
power  consumption  without  compromising  reasoning  accuracy.
Techniques  such  as  efficient  model  quantization  tailored  for
reasoning  workloads,  adaptive  inference  strategies,  and  hardware-
aware  training  could  enable  real-time,  on-device  reasoning
capabilities  in  resource-constrained  settings  [204–205].  Moreover,
applications  on  personalized  assistants,  offline  knowledge  retrieval,
and  privacy-sensitive  scenarios  stand  to  benefit  substantially  from

on-device  SRMs.  Addressing  challenges  related  to  robust  and
continuous learning in decentralized edge contexts [206] will also be
critical  to  realizing  practical  and  widespread  adoption  of  SRMs
beyond traditional server-based deployments.

 ■ 7  Concluding remarks
In conclusion, this survey has provided a comprehensive overview of
Small  Reasoning  Models  (SRMs),  highlighting  their  rapid
advancements and growing significance within the NLP community.
The  development  of  SRMs  opens  new  avenues  for  deploying  high-
performance reasoning models in resource-constrained environments,
making  them  crucial  for  both  academic  research  and  practical
commercial  applications.  As  SRMs  continue  to  evolve,  it  is
imperative  that  future  research  not  only  focuses  on  enhancing  their
core reasoning capabilities but also explores innovative strategies to
integrate  SRMs effectively  across  a  broader  spectrum of  NLP tasks
and  real-world  scenarios.  Such  integration  could  unlock  new
possibilities for efficient, explainable, and accessible AI systems.
While  this  survey  offers  a  broad  overview  of  SRMs  and  their

diverse applications, it  is important to acknowledge several inherent
limitations. First, the field of reasoning models, both large and small,
is  rapidly  evolving,  with  continuous  innovations  and  novel
methodologies emerging at a fast pace. Consequently, it is inevitable
that some of the very latest advancements may not be fully captured
in  our  review.  Second,  our  analysis  primarily  relies  on  publicly
available,  peer-reviewed  literature  and  open-source  releases.  This
dependence  may  introduce  a  publication  bias,  as  proprietary  or
unpublished  developments  in  SRMs,  particularly  by  industry  labs,
might  not  be  represented  here.  Finally,  although  we  cover  a  wide
range of application domains, some niche or emerging areas may be
underrepresented or omitted, reflecting current research focus and the
availability of documented results.
The  exploration  and  advancement  of  SRMs  carry  substantial

implications  for  the  broader  NLP  community  and  AI  research  at
large.  Our  survey  has  underscored  the  potential  of  SRMs  to
democratize  access  to  state-of-the-art  reasoning  capabilities  by
significantly  lowering  the  computational  requirements  compared  to
their  larger  counterparts.  This  democratization  enables  institutions
and researchers  with  limited hardware  resources  to  participate  more
fully  in  cutting-edge  AI  development,  thus  promoting  greater
inclusivity  and  diversity  in  AI  research.  Additionally,  SRMs
contribute  toward  the  sustainability  of  AI  technologies  by  aligning
with  efforts  to  reduce  the  carbon  footprint  associated  with  training
and  deploying  large-scale  models.  These  positive  impacts  highlight
the  value  and importance  of  continued investment  in  SRM research
and application.
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