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Abstract  With  the  rapid  development  of  online
education,  cognitive  diagnosis  has  become a  key  task  in
intelligent  education,  particularly  for  student  ability
assessments  and  resource  recommendations.  However,
existing  cognitive  diagnosis  models  face  the  diagnostic
system  cold-start  problem,  whereby  there  are  no
response logs in new domains,  making accurate student
diagnosis  challenging.  This  research  defines  this  task  as
zero-shot  cross-domain  cognitive  diagnosis  (ZCCD),
which aims to diagnose students’ cognitive abilities in the
target  domain  using  only  the  response  logs  from  the
source  domain  without  prior  interaction  data.  To
address  this,  a  novel  paradigm,  large  language  model
(LLM)-guided  cognitive  state  transfer  (LCST)  is
proposed,  which  leverages  the  powerful  capabilities  of
LLMs  to  bridge  the  gap  between  the  source  and  target
domains.  By  modelling  cognitive  states  as  natural
language  tasks,  LLMs  act  as  intermediaries  to  transfer
students’ cognitive  states  across  domains.  The  research
uses advanced LLMs to analyze the relationships between
knowledge  concepts  and  diagnose  students’ mastery  of
the  target  domain.  The  experimental  results  on  real-
world  datasets  shows  that  the  LCST  significantly
improves  cognitive  diagnostic  performance,  which
highlights the potential of LLMs as educational experts in
this  context.  This  approach  provides  a  promising
direction for solving the ZCCD challenge and advancing
the application of LLMs in intelligent education.
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1   Introduction

In  recent  years,  with  the  development  of  online
education,  cognitive  diagnosis  has  become  an
important research task in the application of intelligent
education  (Liu  et al.,  2023; Yang  et al.,  2024b; Yang
et al.,  2024c).  Cognitive  diagnosis  is  widely  used  in
student  ability  assessments  and resource recommenda-
tions  (Yu  et al.,  2024a; Yu  et al.,  2024b),  with  its  goal
being  to  diagnose  students’ mastery  of  knowledge
concepts  associated  with  exercises  through  a  large
number  of  students‒exercise  response  logs,  which
facilitates personalized learning (Ma et al., 2024a; Zhang
et  al.,  2024).  The  existing  work  is  primarily  based  on
research  within  well-established  knowledge  domains
with  the  available  response  logs  of  students  and
exercises.  However,  for  knowledge  concepts  in  a  new
subject  (hereinafter  referred  to  as  a  domain)  without
response  logs,  existing  methods  struggle  to  provide
accurate  diagnoses  of  students.  Nevertheless,  research
on  the  cold-start  problem  of  diagnostic  systems  in  the
domain with no interaction logs is  relatively scarce.  As
shown  in Figure  1,  the  mathematics  domain
encompasses  a  vast  number  of  knowledge  concepts.
Existing  cognitive  diagnosis  models  (CDMs)  analyze
exercises associated with these knowledge concepts and
a  large  set  of  student  responses  to  generate  detailed
diagnostic  feedback  for  each  student.  For  instance,  the
value of  the diagnostic  feedback indicates  the student’s
level of mastery of these concepts, including the system
of  linear  equations  in  two  variables  presenting  0.4,
quadratic  radical  equation  presenting  0.6,  and  inverse
proportionality  function  presenting  0.3.  Mastery  is
represented as a value between 0 and 1, where 0 implies
no  understanding  of  the  concept  and  1  signifies
complete  mastery  of  the  ability  to  solve  related
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problems  with  minimal  errors.  However,  when  faced
with a lack of response records for knowledge concepts
in  the  physics  domain,  it  is  difficult  to  accurately
diagnose students’ cognitive states in that domain. This
is  because  although  students  can  be  asked  to  perform
exercises  from  the  target  domain  with  no  prior
interaction records, the monotonous task of performing
these exercises may lead to a subjective decline in their
cognitive abilities. Moreover, when the set of knowledge
concepts  in  the  target  domain  is  large  or  there  are  no
corresponding  exercises,  diagnosing  through  the
performance  of  exercises  is  not  a  feasible  strategy.
Furthermore, from a model perspective, CDMs rely on
analyzing  students’ response  records  within  a  specific
domain to generate diagnostic  feedback,  which implies
that in the absence of response data for a given subject,
the  CDM  would  no  longer  function  effectively.  This
task  is  defined  in  this  research  as  zero-shot  cross-
domain  cognitive  diagnosis  (ZCCD),  which  refers  to
diagnosing  students’ cognitive  abilities  in  a  target
domain  with  completely  blank  response  records,  using
only  response  logs  from  a  source  domain.  ZCCD  is  a
practical and meaningful task (Bai et al., 2025; Ma et al.,
2024a). A promising approach to address this task is to
build a bridge between sources and target domains and
to  leverage  the  relationships  between  knowledge
concepts  across  similarity  and  precedence  domains.
This  method  allows  students’ cognitive  states  in  the
source domain to be transferred in a zero-shot manner
to the target domain, therefore enabling the diagnosis of
their  mastery  of  knowledge  concepts  in  the  target
domain.  To  address  this  issue,  TechCD  propagates
students’ cognitive  states  by  pre-constructing
knowledge  concept  graphs  (KCGs)  (Gao  et  al.,  2023).
However, the construction of KCGs depends heavily on
information-rich  interaction  datasets  and  significant
human  efforts.  Similarly,  Zero-1-to-3  requires  a
substantial  amount  of  response  data  from  a  subset  of
students  in  the  target  domain  to  propagate  those
students’ cognitive  states  to  cold-start  students  (Gao
et  al.,  2024a).  Both  approaches  rely  on  extensive  prior
information,  which  constrains  their  applicability  in
real-world scenarios.

Recently,  the  pretrained large  language models
(LLMs) have demonstrated remarkable performance in
general  tasks  across  both  natural  language  processing
(NLP) and recommendation systems (Agostinelli  et al.,

2023; Brown et al., 2020; Hou et al., 2024; Kojima et al.,
2022; Li  et al.,  2024; OpenAI  et al.,  2023; Wang  et al.,
2024a; Wang  et al.,  2024b; Yang  et al.,  2023a).  Trained
on  vast  and  diverse  textual  corpora,  LLMs  not  only
exhibit  exceptional  language  comprehension  but  also
possess  strong  reasoning  and  generative  capabilities
which  enable  them  to  capture  intricate  semantic
structures and underlie logical relationships within text.
One  of  the  intuitive  advantages  of  LLMs  lies  in  their
ability  to  emulate  human  thought  processes.  The
extensive knowledge acquired during pretraining allows
LLMs  to  generate  intermediate  reasoning  steps,  and
these  steps  resemble  the  analytical  processes  employed
by educational experts, thereby providing an additional
interpretative  layer  for  diagnostic  outcomes.  For
instance,  when  evaluating  the  relationship  between
force  and  equilibrium  force  or  between  reflection  and
refraction  in  physics,  LLMs  offer  detailed  explanations
that  reflect  the  underlying  physical  principles,  intui-
tively  illustrating  cross-domain  knowledge  dependen-
cies. A key challenge in addressing ZCCD is identifying
an  intermediary  that  bridges  the  source  and  target
domains,  which  necessitates  an  understanding  of  both
interdisciplinary relationships and the characteristics of
students’ cognitive  states.  Leveraging  their  inherent
world  knowledge,  LLMs offer  a  promising  solution  for
mitigating  the  semantic  gap  between  these  domains.
LLMs  have  shown  exceptional  summarization  and
reasoning  capabilities  in  recommendation  systems
(Jiang et al., 2024; Ren et al., 2024). This is because after
modelling  user  behavioural  preferences  as  natural
language descriptions, the language model understands
the instructions and further completes the recommenda-
tion  task.  Inspired  by  this,  this  research  views  the
cognitive modelling of students in the source domain as
a language modelling task. After acquiring the student’s
prior  cognitive  state,  the  diagnostic  task  is  formatted
into  a  natural  language  text,  which  is  then treated  as  a
language-processing task. Therefore, LLMs cannot only
serve  as  intermediaries  between  the  source  and  target
domains  but  also  replace  the  CDM  in  the  target
domain.  To  this  end,  a  novel  diagnostic  paradigm  for
the  ZCCD  task  is  proposed  to  integrate  the  cognitive
diagnosis  task  with  LLMs  for  the  first  time.  This
paradigm is  called  LLM-guided cognitive  state  transfer
(LCST),  which  reexamines  students’ cognitive  states
from  a  natural  language  perspective.  Llama  3.2,

 

Figure 1    Illustration of the zero-shot cross-domain task.
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Gemma,  and  other  advanced  LLMs  are  chosen  in  this
research,  as  educational  experts  for  analyzing  the
internal  relationships  among  knowledge  concepts  and
diagnosing  students’ cognitive  states  in  the  target
domain due to their accessibility and high performance.
Specifically,  to  obtain  students’ prior  abilities,  the
abundant  response  data  from  the  source  domain  are
leveraged.  Using  mainstream  CDMs,  this  research
diagnoses the students’ mastery of knowledge concepts
in the source domain, which serves as the primary input
for  the  target  domain  diagnostic  feedback.  Moreover,
this  research  integrates  students’ cognitive  states  from
the  source  domain,  formats  their  prior  abilities  into
natural  language  descriptions,  and  designs  appropriate
prompt  templates  to  enable  LLMs  to  function  as
intermediaries  between the source and target  domains,
which unlocks students’ potential in cognitive diagnosis
tasks.  To  verify  LLMs’ performance  as  educational
experts  in  diagnostic  tasks,  the  research  formats  the
diagnostic  feedback  as  proficiency  parameters  and
reintegrates  them  into  the  CDM’s  parameter  set  for
diagnosing prior cognitive states. Extensive experiments
are conducted on real-world datasets. The experimental
results  demonstrate  a  significant  performance
improvement  achieved  by  the  LCST  and  reveal  the
enormous  potential  of  LLMs  in  cognitive  diagnosis
tasks, which offers a promising research direction.

Based  on  the  previous  research,  this  research
propels  further  contributions  from three  aspects.  First,
this  research  identifies  the  real-world  ZCCD  task  and
combines  cognitive  diagnosis  tasks  with  LLMs  to
propose  the  novel  LCST  diagnostic  paradigm  for  the
first  time,  which  addresses  the  cold-start  challenge  in
zero-shot  cross-domain  diagnosis  scenarios.  Second,
given  the  outstanding  summarization  and
recommendation  performance  of  LLMs  in  other
domains,  the  LCST  utilizes  LLMs  as  the  cognitive
diagnosis module for the target domain. Based on prior
knowledge,  it  not  only  bridges  the  source  and  target
domains  but  also  enables  the  functionality  of
mainstream  CDMs.  Third,  the  research  conducts
extensive experiments on real-world datasets to validate
the  effectiveness  of  the  proposed  LCST  paradigm  in
solving diagnostic tasks for cold-start domains. 

2   Related Work
 

2.1 |    Cognitive Diagnosis

Cognitive diagnosis is a fundamental and crucial task in
the  field  of  education  that  aims  to  infer  students’
mastery  of  knowledge  concepts  (Gao  et al.,  2024b; Ma
et al.,  2024a; Ma  et al.,  2024b; Yang  et al.,  2024a; Yang
et al.,  2023b; Yang  et al.,  2023c).  Existing  cognitive

diagnostic  methods  are  based  on  available  student
response  logs  and  focus  on  modelling  interaction
behaviours.  For  instance,  disentangling  cognitive
diagnosis improves diagnostic performance in scenarios
with limited exercise labels by utilizing student response
records to model students’ abilities, exercise difficulties,
and  label  distributions  (Chen  et al.,  2024).  The
oversmoothing-resistant cognitive diagnosis framework
designs a novel perceptual graph convolutional network
to  capture  key  response  signals  in  interaction
behaviours,  which  alleviates  the  over-smoothing
problem  and  enhances  the  diagnostic  capability  of  the
model  (Qian  et al.,  2024).  Agent4Edu  introduces  a
personalized  learning  simulator  that  leverages  LLM-
driven  generative  agents  to  simulate  real  learner
behaviour  (Gao  et al.,  2025),  which  aims  to  bridge  the
gap  between  offline  evaluation  metrics  and  real-world
online  performance  in  personalized  learning.  LLM-
based  question  generation  utilizes  LLMs  to  generate
questions  aligned  with  Bloom’s  taxonomy  learning
objectives  (Elkins  et al.,  2024),  which  ensures  a  more
pedagogically grounded approach to question creation.
While these works have made significant progress, they
are  all  based  on  rich  student  response  records.  When
faced  with  a  blank  domain  lacking  student  response
logs, these methods struggle to function effectively. As a
solution, TechCD uses preconstructed KCGs to transfer
students’ cognitive  states  from existing  domains  to  the
cold-start target domain (Gao et al.,  2023).  Zero-1-to-3
generates simulated practice logs for cold-start students
by  analyzing  the  behaviour  patterns  of  early-bird
students and refining their cognitive states using virtual
data to mitigate cold-start challenges (Gao et al., 2024a).
However,  these  approaches  rely  on  the  availability  of
student  response  records  in  the  target  domain,  which
are difficult to obtain and costly in real-world scenarios,
to bridge the source and target domains. Therefore, this
research  proposes  an  alternative  approach  that
leverages  the  advantages  of  LLMs  to  build  a  bridge
between source and target domains and extend further
to replace the cognitive diagnostic models for the target
domain. 

2.2 |    Large Language Models

Recently,  LLMs  have  demonstrated  remarkable
capabilities  in  solving various tasks  in the field of  NLP
(Mesnard  et al.,  2024; Touvron  et al.,  2023a; Touvron
et al., 2023b). Thanks to self-supervised training on vast
datasets  and  the  extensive  absorption  of  knowledge
from  various  domains  (Grattafiori  et al.,  2024),  LLMs
are  capable  of  solving  specific  tasks  through  tailored
prompts. As a result, the growing interest in leveraging
these  advanced  models  addresses  traditional  tasks.  For
instance,  the  personalized  prompt  for  sequential
recommendation  effectively  enhances  cold-start
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recommendations  by  constructing  personalized  soft
prompts  based  on  user  profiles  (Wu  et  al.,  2024).  The
spatiotemporal  graph transfer learning unifies different
tasks  into  a  single  template  and  employs  a  two-stage
prompt  pipeline  with  learnable  prompts  to  achieve
domain and task transfer (Hu et al., 2024), enabling the
prompts  to  effectively  capture  domain  knowledge  and
task-specific  attributes.  Moreover,  in  the  medical  field,
the  Prompt-Eng  designed  precise  prompts  that
included  both  positive  and  negative  aspects  and
highlighted  that  designing  paired  prompts  helped  the
model  generalize  effectively  (Ahmed  et  al.,  2024).
Despite the impressive results achieved by LLMs across
many  domains,  no  work  explored  the  integration  of
LLMs with cognitive diagnosis tasks. 

3   Problem Statements

ESm KSm

ESm ∩ET =∅
KSm ∩KT =∅

RSm
ESm

The  formatting  for  the  ZCCD  task  is  conducted  as
follows.  The  available M mature  source  domains  are
designated  as S1, S2,  ..., SM,  and  the  target  domain,
which requires cold-start initialization, is  designated as
T.  The  overlapping  set  of  students  shared  between  the
m-th  source  domain  and  target  domain  is  denoted  as
Um. In the m-th source domain, the sets of exercises and
knowledge  concepts  are  represented  as  and ,
respectively,  while  in  the  target  domain,  they  are
represented  as ET and KT.  Notably,  and

.  The  student‒exercise  response  records
in  the m-th  source  domain Sm are  recorded  as =
{(ui, ej, rij) | rij ∈ {0, 1}, ui ∈ Um, ej ∈ }, where rij = 1
indicates  that  student ui answered exercise ej correctly,
otherwise rij =  0.  Problem  definition  can  be  recorded
RS = {R1, R2, ..., RM} given the student’s response in the
source  domains  and  the  set  of  knowledge  concepts KT
in  the  target  domain.  The  goal  of  the  research  is  to
diagnose  the  potential  mastery  of  knowledge  concepts
in the target domain for students with blank interaction
records. 

4   Proposed LCST Diagnostic
Paradigm

 

4.1 |    Overview

To  transfer  students’ cognitive  states  from  the  source
domain  to  the  blank  target  domain,  as  illustrated  in
Figure  2,  the  LCST  diagnostic  paradigm  is  proposed,
which  combines  traditional  CDMs  with  LLMs.  The
proposed LCST comprises  four modules,  including the
pre-established cognitive state, bridge source and target
domain,  cognitive  diagnosis  of  the  target  domain,  and
feedback  constraint.  In  the  pre-established  cognitive
state module, given rich response records in the source
domain,  the  LCST  utilizes  a  traditional  CDM  to  pre-
diagnose  students’ mastery  of  knowledge  concepts  in
the  source  domain.  This  information  is  then
transformed  into  a  natural  language  form.  The  zero-
shot,  few-shot,  and  chain-of-thought  prompts  for  the
bridge  source  and target  domain module  are  proposed
to explore the internal relationships between knowledge
concepts. This module takes input from both the source
and  target  domains,  including  all  knowledge  concepts
and  instruction  prompts.  It  is  used  to  activate  LLMs’
potential  to  infer  knowledge  concept  relationships.  In
the  cognitive  diagnosis  of  the  target  domain  module,
the  information  from  the  previous  two  modules  is
integrated,  and  the  prompts  are  designed  to  utilize
LLMs’ internal  knowledge  and  pre-acquired  prior
knowledge  to  complete  the  diagnosis  task  in  the  target
domain.  Finally,  to  ensure  that  the  feedback  format  is
easily assessable, this research incorporates the feedback
constraint  module  into  the  LCST.  Notably,  while  the
CDM  in  the  pre-established  cognitive  states  module
requires training, LLMs do not require training or fine-
tuning.  They  only  need  to  be  utilized  with  pretrained
models  and  well-designed  prompts  for  downstream
tasks. 

 

Figure 2    Overview of the LCST. LCST: large language model-guided cognitive state transfer.
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4.2 |    Pre-Established Cognitive States

The  cognitive  diagnosis  task  aims  to  analyze  students’
response  records  and  generate  diagnostic  feedback.
Traditional  CDMs  are  only  applied  in  source  domains
with  rich  response  logs.  Therefore,  when  faced  with  a
zero-shot  target  domain,  the  diagnostic  process
becomes  challenging.  LLMs  have  great  potential  for
propagating cognitive states from the source domain to
the  target  domain.  However,  due  to  input  constraints
and  the  sensitivity  of  educational  contexts,  it  is  not
feasible to use all response logs from the source domain
as input directly. The focus of this phase is on obtaining
the  cognitive  states  of  students  in  the  source  domain,
which lays the foundation for subsequent state transfer.
To achieve this goal, this research leverages the available
response data from the source domain and combines it
with  cognitive  diagnostic  models  such  as  neural
cognitive  diagnosis  (NCD)  and  knowledge-association
based  extension  of  NCD,  to  pre-diagnose  students’
cognitive states in the source domain.

Ri
Sm

Specifically,  for  student ui ∈ Um in  the m-th
source domain Sm,  given their  response record set 
within that domain, the domain-specific CDM Mm will
establish  their  cognitive  state,  which  is  expressed  as
follows:
 

θ∗im = argmin
θim∈θim

∑
(ej ,rij)∈Ri

Sm

L
(
rij,Mm

(
ej |θim

))
, (1)

θ∗im ∈ R1×∥KSm∥

∥KSm∥
θ∗im [n] ∈ [0, 1]

L

where  the  proficiency  vector represents
the student’s  mastery of all  knowledge concepts
in the source domain Sm, where  indicates
the student’s proficiency in the n-th knowledge concept,
with  values  ranging  from 0  to  1.  represents  the  loss
function  used  to  pretrain  the  model Mm,  typically,  the
cross-entropy loss.

Next,  the  parameterized  proficiency  values  are
stored  in  a  set,  which  serves  as  a  precursor  for
subsequent natural language formatting, as follows:
 

Ci
m =

{(
kn, θ∗im [n]

)
|n ∈ {1,2, ...,∥KSm∥}

}
, (2)

Ci
mwhere  denotes  the  set  of  proficiency  values  for

student ui in the m-th source domain, and kn represents
the  name  of  the n-th  knowledge  concept  in  source
domain Sm. 

4.3 |    Bridge Source and Target Domain

To  bridge  the  gap  between  the  source  and  target
domains,  previous  works  have  utilized  preconstructed
knowledge concept maps. However, this approach relies
on  both  source  and  target  domain  response  logs  and
incurs  high  labour  costs.  Therefore,  this  research
proposes  directly  leveraging  LLMs  as  educational
experts  to  analyze  two  types  of  relationships  between
knowledge  concepts,  including  hierarchical  relation-
ships  and  similarity  relationships.  Specifically,  a
specialized  prompt  template  is  designed  to  investigate
the  reasoning  capabilities  of  LLMs  regarding  the
internal  relationships  among  knowledge  concepts.  The
template  consists  of  three  components,  including  task
description,  knowledge  concept  injection,  and  format
indicator.  The  task  description  is  used  to  adapt  the
concept reasoning task to a natural language-processing
task. The knowledge concept injection aims to provide a
range of knowledge concepts from both domains to be
bridged. The format indicator is employed to constrain
the  output  format,  which  makes  the  reasoning  results
easier  to  integrate  into  cognitive  diagnostic  models
based on knowledge concept  relationships.  This  task is
defined as concept reasoning, and an example of such a
prompt  for  the  smart  learning  partner  (SLP)  physics
dataset is shown in Figure 3.

To further  stimulate  the  internal  knowledge  of
LLMs,  a  few-shot  chain-of-thought  prompt  is  injected
into  the  prompt  template  to  enhance  their  reasoning
ability  (Wei  et al.,  2022).  By  adding  expert-analyzed
knowledge  concept  relationships  and  reasoning
justifications,  the  above  template  is  adjusted  as  shown
in Figure 4.

Compared  to  zero-shot  prompting,  injecting  a
small  number  of  prompts  guides  the  LLMs to  perform
the  reasoning  task  better,  thereby  reducing  the
uncertainty  of  the  generated  text  and  increasing
confidence in the results. 

4.4 |    Cognitive Diagnosis of the Target
Domain

After  obtaining  the  students’ cognitive  abilities  in  the
source  domain  and  establishing  a  bridge  between  the
source  and  target  domains,  the  proposed  LCST  is
capable  of  utilizing  this  prior  knowledge  to  complete
the  diagnostic  process  in  the  target  domain.  Given  the

 

Figure 3    Example of a prompt for the smart learning partner.
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availability  of  source  domain  response  logs,  the
diagnostic task in the target domain is divided into two
sub-tasks,  including  single-domain  diagnosis  using
diagnostic  feedback  from  a  single  domain  as  prior
knowledge  and  multi-domain  diagnosis  using
diagnostic  feedback  from  multiple  domains  as  prior
knowledge.

Similar  prompt  templates  for  these  two
diagnostic  tasks  are  designed  to  integrate  the  prior
knowledge from the previous modules,  which instructs
LLMs  to  analyze  and  diagnose  the  students’ potential
mastery  of  specific  knowledge  concepts.  Each  prompt
includes  a  task  description,  a  textual  representation  of
the  student’s  prior  cognitive  state,  a  concept  reasoning
task,  and  a  format  indicator.  The  task  description  is
used to adapt the diagnostic task to a natural-language-
processing  task.  The  format  indicator  is  designed  to
assess  the  performance  of  the  LLMs  in  generating
results.

For the single-domain diagnosis task, student’s
prior cognitive state is injected Cm from the m-th source
domain,  the  set  of  knowledge  concepts  in  that  domain

K and the knowledge concepts of the target domain KS,
and  the  knowledge  concepts  of  the  target  domain KT
into the prompt template, as shown in Figure 5.

Ci
= {Ci

1,Ci
2, ...,Ci

M′}
M′

For  the  multi-domain  diagnosis  task,  minor
adjustments  are  made  to  the  above  template  by
replacing the prior cognitive state 
where  represents  the  number  of  available  source
domains and the knowledge concept  set  for  the source
domains in the template, as shown in Figure 6.

These  two  tasks  are  adjusted  based  on  the
availability of interaction logs from the source domain.
To  enhance  the  credibility  and  persuasiveness  of  the
diagnostic tasks, the explanation generation commands
are injected into the prompt templates of the two tasks.
These  explanations  are  intended  to  clarify  why  a
particular  diagnostic  conclusion  is  made  for  the
student’s abilities, and they also contribute to providing
personalized  learning  support  for  the  students.
Specifically,  LLMs  are  requested  to  generate “why”
explanation  texts  and “how” guidance  texts  for  each
diagnostic  result,  thereby  ensuring  the  reasoning  and
transparency of the diagnostic process. 

 

Figure 4    Adjusted prompt for the smart learning partner.

 

Figure 5    Example prompt for the single-domain diagnosis.

6 Haiping Ma et al. Large Language Models are Zero-Shot Cross-Domain Diagnosticians



4.5 |    Feedback Constraints

To facilitate the evaluation and extraction of the results,
format  indicators  are  designed  for  each  of  the  three
tasks  to  constrain  the  output  format.  For  the  concept
reasoning task, the output needs to be constrained into
two  parts,  including  pairs  of  knowledge  concepts  that
exhibit  similarity  relationships  and  pairs  that  exhibit
hierarchical  relationships.  The instructions were added
at  the  end  of  the  concept  reasoning  task  template,  as
shown in Figure 7.

For  the  single-domain  diagnosis  and  multi-
domain  diagnosis  tasks,  to  enhance  the  transparency
and  interpretability  of  the  diagnostic  process,  the
format  indicator  in  this  section  constrains  the  output
into  three  parts,  including  the  concept  relationship
analysis,  the  diagnostic  report,  and  the  guidance
suggestion.  Instructions  are  added  to  the  end  of  the
single-domain  diagnosis  and  multi-domain  diagnosis
task templates, respectively, as shown in Figure 8.

Finally,  the  mastery  score  is  extracted  for  each
knowledge concept from the output, which is guided by
carefully  designed  prompt  templates.  These  scores  are
then  vectorized  to  form  a  student  ability  vector
representing  the  mastery  levels  of  different  knowledge
concepts in the target domain. The length of this vector

remains  consistent  with  the  number  of  knowledge
concepts in the target domain. 

5   Experiments

Because the key contribution of this work is to diagnose
the  potential  mastery  levels  of  knowledge  concepts  in
the  target  domain  in  which  interaction  records  are
blank,  comprehensive  experiments  on  real-world
datasets  are  conducted  to  address  the  following  four
research questions:

(1)  Can  the  proposed  LCST  effectively  handle
the ZCCD task?

(2) Can the LCST effectively utilize information
from diverse source domains for the ZCCD task?

(3) How does the LCST perform on the concept
reasoning task?

(4)  How  do  different  LLMs  perform  in  cross-
domain diagnosis? 

5.1 |    Dataset Description

The  experiments  are  conducted  on  five  real-world
datasets,  including  mathematics,  physics,  chemistry,
history,  and  geography,  which  are  collected  from  the

 

Figure 6    Adjusted prompt for the single-domain diagnosis.

 

Figure 7    Added concept reasoning task template.
 

Figure 8    Added instructions in the single-domain diagnosis and multi-domain diagnosis task templates.
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SLP  online  education  platform  (Lu  et  al.,  2021).  These
datasets  summarize  students’ academic  performance
data  across  different  subjects  over  three-year-study,
including  their  response  records,  knowledge  concept
texts,  and  the  relationships  between  exercises  and
knowledge  concepts.  Each  subject  is  treated  as  a
domain, alternating between being the cold-start target
domain  and  other  domains  that  serve  as  source
domains.  For  each  dataset,  each  student’s  response
records are divided into training and testing sets, with a
4:1  split.  The test  set  for  the  target  domain is  used not
only  to  evaluate  the  pretraining  performance  of  the
cognitive  diagnostic  model  but  also  to  test  the
performance of baselines in solving the ZCCD task. The
statistics of the processed datasets are shown in Table 1.
  
Table 1    Statistics of the datasets

Subject
Statistics

Student Exercise Concept Log

Mathematics 224 847 32 14,227

Physics 224 1,536 48 11,049

History 114 636 19 6,458

Geography 114 371 19 3,651

Chemistry 31 315 15 2,164
  

5.2 |    Experimental Setup
 

5.2.1 Baselines

The Llama 3.21 is the backbone of the LCST. The CDM
is  first  pretrained  using  the  dataset  from  the  target
domain,  obtaining  the  model’s  network  parameters
specific to that domain. The student ability component
in  these  network  parameters  is  presented  with  the
vectorized  student  abilities,  after  which  the  cross-
domain  diagnostic  performance  is  tested  on  the  target
domain’s  test  set.  To  demonstrate  the  effectiveness  of
the  proposed  LCST  in  solving  the  ZCCD  task,  it  is
applied to four widely used cognitive diagnostic models,
including  NCD (Wang  et  al.,  2020),  knowledge-sensed
cognitive  diagnosis  (Ma  et  al.,  2022),  relation  map-
driven cognitive diagnosis (RCD) (Gao et al., 2021), and
knowledge-association  based  extension  of  the  NCD
(Wang  et  al.,  2022).  The  random  oracle  model  as  a
baseline  for  comparison  is  selected,  where  the  random
oracle  method  represents  the  lower  and  upper  bounds
of the performance of CDMs in solving the ZCCD task.
The  random  method  means  that  predicts  the  initial
ability of students in the target domain from a uniform
(0,  1)  distribution  randomly,  which  is  the  most
common method in existing CDMs. The oracle method
uses  CDM  to  train  the  target  domain  ability  from  the

response  records  of  students  in  the  target  domain
directly. 

5.2.2 Evaluation Metrics

Given  that  the  true  knowledge  mastery  of  students  is
unknown,  mainstream  methods  have  been  used  in
previous research to evaluate the effectiveness of CDMs
by  predicting  students’ exercise  performance  based  on
acquired  knowledge  mastery  vectors.  Since  cognitive
diagnosis  is  a  binary  classification  task  that  predicts
whether  a  student  will  answer  a  given  question
correctly,  three  well-known  metrics  are  selected  to
assess prediction performance. First,  accuracy serves as
an  intuitive  metric  for  evaluating  overall  prediction
correctness.  This  research  sets  a  threshold  of  0.5,
meaning  that  if  the  predicted  probability  exceeds  0.5,
the  student  is  expected to  answer  correctly.  Otherwise,
an incorrect response is predicted:
 

ACC =
1
N ∑N

i=1 11
(
ŷbi = yi

)
, (3)

ŷbi

11(·)

where  ACC  indicates  accuracy,  is  the  predicted
binary  response, yi is  the  ground  truth  response, N
denotes the size of the dataset, and  is the indicator
function.  However,  in  scenarios  with  imbalanced  class
distributions,  accuracy  alone  may  not  provide  a
comprehensive  assessment  of  model  performance.
Second, this research incorporates the area under curve
(AUC)  as  an  additional  evaluation  metric  (Bradley,
1997).  AUC  offers  a  holistic  measure  of  the  model’s
discriminative  ability  across  different  probability
thresholds.  Third,  root  mean  square  error  (RMSE)  is
introduced  as  an  evaluation  metric  to  quantify  the
deviation  between  predicted  probabilities  and  actual
binary labels (Pei et al., 2017):
 

RMSE =

√
1
N∑N

i=1 (ŷi− yi)
2
, (4)

ŷiwhere  represents  the  predicted  probability  of  a
correct response and N denotes the size of the dataset. 

5.2.3 Parameter Settings

In  the  pretraining  phase,  this  research  initializes  all
parameters  in  the  network  using  Xavier  (Glorot  &
Bengio,  2010),  and  uses  the  Adam  optimizer  during
training (Kingma & Ba, 2014). The batch size is fixed at
32,  while  the  learning  rate  is  fixed  at  0.01.  Then,  the
dimensions  of  the  latent  features  for  the  students  and
exercises are set to be equal to the number of knowledge
concepts. Finally, this research sets the temperature for
all  LLMs  to  0.2  and  runs  each  task  three  times,  taking
the  average  as  the  diagnostic  feedback.  All  models  are
implemented  in  PyTorch,  while  all  experiments  are
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conducted  on  a  Linux  server  equipped  with  a  Tesla
V100 GPU. 

5.3 |    Overall Performance

To validate the effectiveness of the proposed diagnostic
paradigm  in  solving  the  ZCCD  task,  the  LCST  is
compared with  other  baselines  by  using  single-domain
and multi-domain information as prior knowledge. 

5.3.1 Performance on the Single-Domain Diagnosis Task

First,  this  research  explores  the  possibility  of  using  a
single domain as the source domain to solve the ZCCD
task,  which includes  four cross-domain scenarios.  This
research  alternates  each  dataset  to  serve  as  the  target
domain,  with  other  datasets  acting  as  the  source
domains.  The  experimental  results  shown  in Table  2
demonstrate  that  the  proposed  LCST  outperforms  the
widely  applied  random  method  in  most  scenarios  and
even surpasses  oracle  method in  some cases,  achieving
the  performance  upper  bound.  This  illustrates  the
immense  potential  of  LLMs,  powered  by  their  strong
reasoning  capabilities,  in  cognitive  diagnosis  tasks.
Furthermore,  four  aspects  of  performance  are  shown.
First, in most scenarios, the performance of the LCST is
consistently  close  to  the  oracle,  especially  in  domains
such as mathematics and physics, where there is a clear
hierarchical  relationship  between  knowledge  concepts.
This  confirms  that  by  implementing  the  concept
reasoning  task,  LLMs  can  enhance  their  diagnostic

capability  as  educational  experts  effectively.  Second,
given  that  different  CDMs  model  students  and
exercises,  the parameterized diagnostic  feedback shows
performance  fluctuations  across  various  CDMs  in  the
same  scenario.  Among  them,  NeuralCD  exhibits  the
least  fluctuation,  since  it  does  not  interfere  much  with
the  student’s  cognitive  state  parameters.  In  contrast,
CDMs  that  employ  more  complex  modelling
approaches  somewhat  distort  the  parameterized
diagnostic  feedback  but  still  maintain  high
performance.  Third,  at  optimal  performance,  the
proposed  LCST  consistently  outperforms  TechCD.
TechCD  addresses  the  ZCCD  challenge  by  pre-
constructing  KCGs,  which  rely  on  both  information-
rich  interaction  datasets  and  extensive  human
annotations.  In  contrast,  the  LCST  leverages  the
strengths  of  LLMs,  which  requires  only  a  set  of
knowledge  concepts  within  the  domain  to  infer  the
relationships between them. By eliminating the need for
complex  model  designs,  such  as  those  in  TechCD,
which  may  reduce  interpretability,  the  LCST  offers  a
more  efficient  and  cost-effective  solution  while
maintaining clarity and ease of implementation. Fourth,
compared  to  mainstream  CDMs  pretrained  on  the
target  domain,  the  LCST  paradigm,  which  integrates
LLMs,  is  able  to  better  capture  students’ mastery  of
complex  knowledge  concepts  by  relying  solely  on
prediagnosed cognitive states without directly receiving
students’ response  records.  This  highlights  the
promising  research  direction  for  using  LLMs  in
cognitive diagnosis tasks. 

 

Table 2    Performance on the single-domain diagnosis task in four scenarios

LLMs Method
Source: mathematics,

Target: physics
Source: physics,

Target: mathematics
Source: geography,

Target: history
Source: history,

Target: geography

ACC RMSE AUC ACC RMSE AUC ACC RMSE AUC ACC RMSE AUC

TechCD None 0.6734 0.4691 0.7137 0.6508 0.4861 0.6504 0.6349 0.48300 0.6860 0.6255 0.4626 0.6768

NeuralCD Random 0.6021 0.5070 0.6232 0.5747 0.5674 0.6173 0.5917 0.5377 0.5541 0.4667 0.6049 0.5306

LCST 0.6902 0.4464 0.7204 0.6568 0.4882 0.6833 0.6572 0.4920 0.6340 0.6536 0.4857 0.7296

Oracle* 0.6979 0.4379 0.7510 0.6593 0.4855 0.6931 0.7249 0.4424 0.6531 0.6546 0.4858 0.7410

KSCD Random 0.6721 0.4577 0.7196 0.5982 0.4927 0.6246 0.7369 0.4373 0.6667 0.6689 0.4636 0.7328

LCST 0.7230 0.4345 0.7459 0.6687 0.4590 0.7186 0.7314 0.4291 0.6955 0.6973 0.4609 0.7441

Oracle* 0.7192 0.4333 0.7495 0.6626 0.4600 0.7161 0.7489 0.4270 0.6885 0.6787 0.4622 0.7395

R Random 0.6289 0.4718 0.6637 0.6268 0.4733 0.7228 0.7358 0.4337 0.6832 0.5115 0.5132 0.5225

LCST 0.6667 0.4629 0.6752 0.6098 0.4791 0.7181 0.7391 0.4350 0.6950 0.5869 0.4934 0.6035

Oracle* 0.7011 0.4454 0.7171 0.6702 0.4584 0.7304 0.7402 0.4316 0.6984 0.6470 0.4742 0.6847

KaNCD Random 0.4187 0.6479 0.5985 0.5935 0.5049 0.6267 0.7052 0.4533 0.6424 0.6022 0.5250 0.6564

LCST 0.6979 0.4442 0.7215 0.6170 0.4896 0.6599 0.7456 0.4255 0.7212 0.6219 0.5130 0.6740

Oracle* 0.7022 0.4398 0.7403 0.6687 0.4620 0.7194 0.7544 0.4320 0.6658 0.6601 0.4855 0.7089

Notes. CD: cognitive diagnosis, KSCD: knowledge-sensed cognitive diagnosis, RCD: relation map-driven cognitive diagnosis, KaNCD: knowledge-association-based
extension of neural cognitive diagnosis, LCST: large language model-guided cognitive state transfer, ACC: accuracy, RMSE: root mean square error, AUC: area under curve.
The best results are highlighted in bold, while * denotes the upper bounds.
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5.3.2 Performance on the Multi-Domain Diagnosis Task

This  research  further  explores  the  potential  of
integrating  multisource  domains  as  prior  information
to solve the ZCCD task. This includes three scenarios in
which physics,  mathematics,  and chemistry are used as
target  domains,  while  the  remaining  subjects  provided
prior  information  as  source  domains.  From Table  3,
three  results  can  be  extracted.  First,  information  from
multiple  domains  provides  significantly  richer  prior
knowledge than single-domain information. By offering
higher-quality  input,  LLMs  can  provide  more  accurate
and  reliable  student  ability  predictions.  Moreover,
having  more  domains  means  richer  relationships
between  knowledge  concepts,  which  also  helps  LLMs
deliver  more  comprehensive  diagnostics  for  students.
Second,  the  knowledge  concepts  in  the  three  domains
exhibited  stronger  hierarchical  and  similarity
relationships.  As  a  result,  the  LCST  demonstrated
performance  that  not  only  far  exceeded  the  random
method in most scenarios but also slightly surpassed the
oracle  method.  This  suggests  that  domains  with  closer
relationships can more effectively address the cold-start
challenge  in  the  blank  target  domain.  Third,  LLMs
show excellent generalization across different scenarios,
indicating  that  they  can  effectively  adapt  to  various
subjects and knowledge points. Compared to traditional
CDM  diagnostic  paradigms,  LLMs  are  capable  of
processing  more  diverse  input  features,  further
enhancing  their  performance  in  multitasking  environ-
ments. 

5.4 |    Performance on the Concept
Reasoning Task

To  explore  the  performance  of  the  LCST  in  handling

the  concept  reasoning  task,  RCD  is  selected,  which
involves  knowledge  concept  relationship  modelling,  as
the  validation  model  and  tests  are  conducted  in  the
physics  domain.  The  standard  RCD  method  uses  an
approach  to  obtain  knowledge  concept  relationships
from  student  response  logs  that  is  referred  to  as
statistics-based.  This  research  utilizes  the  LCST-
enhanced  method  to  model  the  relationships  among
knowledge concepts. The experimental results shown in
Figure 9 demonstrate that  the LCST-enhanced method
outperforms  the  statistics-based  method  in  RCD,
surpassing  it  on  both  metrics.  This  proves  that  the
knowledge  concept  relationships  inferred  through  the
LCST  are  more  beneficial  for  RCD  in  modelling
knowledge  concepts  and  align  better  with  real-world
scenarios.

Furthermore,  as  shown  in Figure  10,  four
reasoning results of both methods regarding knowledge
concept relationships can be extracted. First, the LCST-
enhanced method infers  a  broader  range of  knowledge
concept relationships, while the statistics-based method
relies on the statistical analysis of existing response logs,
leading  to  the  loss  of  many  knowledge  concept
relationships,  which  hinders  CDM  from  performing
fine-grained modelling. Second, the statistical results of
the  statistics-based  method  regarding  the  similarity
relationships  between  knowledge  concepts  are  biased,
particularly in the upper half of the knowledge concepts
shown  in Figure  10(a).  This  is  because  the  statistical
results  are  constrained  by  the  distribution  of  student
responses  and  abilities  in  the  corresponding  logs.  In
contrast, as shown in Figure 10(b), the LCST-enhanced
method  infers  knowledge  concept  relationships  with  a
more  uniform  distribution  and  provides  more
comprehensive  reasoning  of  hierarchical  relationships,
proving that  the LCST has great  potential  for handling
the concept reasoning task. 

 

Table 3    Performance on the multi-domain diagnosis task in three scenarios

LLMs Method
Source: mathematics and chemistry

Target: physics
Source: physics and chemistry

Target: mathematics
Source: physics and mathematics

Target: chemistry

ACC RMSE AUC ACC RMSE AUC ACC RMSE AUC

NeuralCD Random 0.5285 0.6146 0.4549 0.5500 0.5765 0.5486 0.5893 0.5401 0.5986

LCST 0.7276 0.4723 0.6561 0.6842 0.4681 0.7411 0.6786 0.4458 0.7285

Oracle* 0.7195 0.4612 0.6921 0.6895 0.4722 0.7293 0.6768 0.4549 0.7116

KSCD Random 0.7073 0.4644 0.6467 0.7026 0.4429 0.7579 0.6893 0.4454 0.7093

LCST 0.7358 0.4465 0.7017 0.7158 0.4340 0.7746 0.6964 0.4443 0.7207

Oracle* 0.7236 0.4481 0.7006 0.7026 0.4379 0.7660 0.7107 0.4381 0.7456

KaNCD Random 0.7358 0.4549 0.6809 0.6868 0.4644 0.7465 0.6857 0.4629 0.7189

LCST 0.7439 0.4513 0.6871 0.7026 0.4519 0.7532 0.6982 0.4588 0.7254

Oracle* 0.7520 0.4426 0.6801 0.7132 0.4423 0.7516 0.6946 0.4483 0.77408

Notes. CD: cognitive diagnosis, KSCD: knowledge-sensed cognitive diagnosis, RCD: relation map-driven cognitive diagnosis, KaNCD: knowledge-association based
extension of neural cognitive diagnosis, LCST: large language model-guided cognitive state transfer, ACC: accuracy, RMSE: root mean square error, AUC: area under curve.
The best results are highlighted in bold, while * denotes the upper bounds.
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5.5 |    Performance of Different LLMs
on Diagnostic Tasks

To  explore  the  performance  of  different  LLMs  in
cognitive  diagnosis  tasks,  several  mainstream  open-
source LLMs with varying parameter sizes are selected,
including  Llama3.2:3b,  Gemma:7b,  Qwen2.5:3b,
Hermes3:3b,  and  Qwen2.5:7b,  as  the  backbone  of  the
LCST.  Mathematics  as  the  source  domain  and  physics
as  the  target  domain  are  set,  using  NeuralCD  as  the
pretrainer  to  diagnose  students’ abilities  in  the  source

domain.  Two  results  can  be  extracted  from Table  4.
First,  Gemma-7b  exhibits  the  best  diagnostic
performance, albeit with the longest generation time. In
contrast,  Hermes3:3b  shows  worse  diagnostic
performance  than  the  random  method,  which  may  be
due  to  Amnesia  Mode  leading  to  unstable  generated
feedback  (Teknium  et  al.,  2024).  Second,  a  larger
parameter  size  does  not  necessarily  indicate  better
performance  for  diagnostic  tasks.  Smaller  LLMs  may
perform better than larger ones in diagnostic tasks. For
example,  Llama3.2:3b,  despite  its  smaller  parameter

 

Figure 9    Visualization  results  of  concept  reasoning  task  in  the  physics  domain  with  statistics-based  and  LCST-enhanced
methods.  LCST:  large  language  model-guided  cognitive  state  transfer,  ACC:  accuracy,  RMSE:  root  mean  square  error,  AUC:
area under curve.

 

Figure 10    Performance  comparison  of  statistics-based  and  LCST-enhanced  methods  on  the  concept  reasoning  task.
(a) Statistics-based knowledge concept relationship, (b) LCST-enhanced knowledge concept relationship. LCST: large language
model-guided cognitive state transfer.
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size,  shows  near-optimal  performance  and  takes  the
least  amount  of  time.  In  terms  of  balancing
performance  and  efficiency,  Llama3.2:3b  may  be  the
most  suitable  backbone  for  the  LCST  to  address  the
ZCCD  task.  This  is  attributed  to  the  training  set  and
quality  of  the  LLMs,  since  Qwen2.5-based  LLMs,
primarily  pretrained  on  Chinese  corpora,  may  not
perform optimally under English prompt templates.
  
Table 4    Performance comparison of LLMs on the ZCCD task

LLMs ACC RMSE AUC Time (s)

Random 0.6092 0.5225 0.6472 None

Llama3.2:3b 0.7072 0.4505 0.7314 6.0100

Gemma-7b 0.7105 0.4451 0.7363 9.9900

Qwen2.5:3b 0.6831 0.4601 0.7120 7.6700

Hermes3:3b 0.5758 0.5410 0.6317 6.0500

Qwen2.5:7b 0.6990 0.4531 0.7249 8.7400

Oracle* (NeuralCD) 0.7050 0.4453 0.7397 None

Notes.  LLMs:  large  language  models,  ACC:  accuracy,  RMSE:  root  mean  square
error,  AUC:  area  under  curve.  The  best  results  are  highlighted  in  bold  and  the
runner-up is underlined. The asterisk * here indicates the Oracle result.
 

6   Discussion

In this  work,  the  LCST method is  proposed to  address
data  scarcity  in  the  target  domain  encountered  in
ZCCD. The experimental results indicate that the LCST
not  only  significantly  enhances  diagnostic  accuracy
across  multiple  datasets  but  also,  in  certain  cases,
achieves  performance  on  par  with  oracle  methods  that
rely  on  target  domain  data,  thereby  validating  the
effectiveness and applicability of LLMs in cross-domain
cognitive diagnosis.  Nonetheless,  the proposed method
has  several  limitations,  including  high  sensitivity  to
prompt  template  designs,  inadequate  coverage  of
domain-specific knowledge,  and a lack of clarity in the
model’s  internal  reasoning  processes.  Future  research
will  focus  on  exploring  more  robust  prompt  designs,
adaptive  fine-tuning techniques,  and the  integration of
external  knowledge  graphs  to  further  improve  the
model’s ability to capture cross-domain knowledge and
enhance diagnostic performance. 

7   Conclusions

In  this  research,  the  application  of  LLMs  in  cognitive
diagnosis  tasks  is  explored  to  diagnose  students’
potential mastery of knowledge concepts in a zero-shot
cross-domain  scenario.  A  novel  diagnostic  paradigm,
LCST, not only establishes a bridge between the source
and  target  domains  but  also  facilitates  the  diagnostic
task  in  the  target  domain.  The  experimental  results  on

real-world datasets demonstrate the effectiveness of the
proposed  method.  This  research  is  intended  to  further
investigate  the  application  of  LLMs  tailored  to  the
characteristics of cognitive diagnosis tasks. 
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