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Abstract

Knowledge Tracing (KT) is essential for track-
ing students’ evolving knowledge states and
predicting their future performance. While cur-
rent graph-based methods focus on exercise-
concept relations, they often overlook the inher-
ent group structures among students. Similarly,
emerging LLM-based approaches rely on indi-
vidual histories, lacking the broader context of
group references and contrastive evidence. As
a result, existing individual-isolation paradigms
fail to provide stable predictions and evidence-
based explanations. To bridge this gap, we
propose Micro-Community Knowledge Trac-
ing (MicroC-KT), a framework that incorpo-
rates learning micro-environments to provide
social-cognitive anchors for KT. MicroC-KT
identifies latent learning communities via hy-
pergraph modeling and generates dual-granular
summaries to facilitate community matching
and peer retrieval. By extracting contrastive
group evidence, the model prompts an LLM to
generate both accurate answer predictions and
verifiable analysis reports. Experiments on four
public datasets demonstrate that MicroC-KT
significantly outperforms state-of-the-art base-
lines in predictive performance while providing
more reliable and evidence-based explanations.

1 Introduction

Knowledge Tracing (KT) aims to model students’
evolving knowledge states from their historical in-
teraction sequences to predict their performance on
subsequent tasks (Corbett and Anderson, 1994). Its
significance spans critical educational applications,
including personalized practice recommendations,
instructional interventions, and learning diagnosis
(Duan et al., 2024; Sun et al., 2025). In real ed-
ucational scenarios, learning is far more than an
isolated cognitive accumulation, it also involves fre-
quent feedback-driven regulation and strategy ad-
justment (Shen et al., 2024). Thus, beyond achiev-
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Figure 1: MicroC-KT converts group cognitive structure
into a semantic evidence chain for KT prediction and
analysis report generation.

ing high predictive accuracy, it is essential for KT
systems to offer clear, verifiable explanations that
enhance the transparency and practical utility of
instructional decisions (Huang et al., 2024; Zhang
et al., 2024).

Despite the strong predictive performance of
deep learning (DL)-based KT methods (e.g., DKT
(Piech et al., 2015), AKT (Ghosh et al., 2020)),
their black-box nature hinders the generation of
interpretable textual outputs, failing to provide intu-
itive and educationally meaningful diagnostic feed-
back for teachers and students. Recently, Large
Language Model (LLM)-based KT approaches
(e.g., EFKT (Li et al., 2025a), CIKT (Li et al.,
2025c)) have shown promise in generating natural
language explanations. However, these methods of-
ten incur substantial training and fine-tuning costs.
More importantly, when relying solely on limited
individual interaction histories, they are prone to
factual hallucinations. Without broader contextual
references, the generated content can deviate from
a student’s true knowledge state, undermining the
reliability in high-stakes educational applications.

More importantly, these two lines of work typ-
ically build models for a single student in isola-
tion and neglect the community effects that widely
exist among students. In real learning processes,
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students’ behaviors and cognitive states are influ-
enced not only by personal history. Rather, they
are also closely related to interactions with other
members of the learning group, shared cognitive
challenges, and group-level knowledge evolution
dynamics (Evans et al., 1992; Gao et al., 2025).
Ignoring such group-level interactions and influ-
ences may prevent the model from capturing impor-
tant social learning signals (Zheng et al., 2025; Li
et al., 2024a). Such an omission not only limits the
model’s ability to disambiguate sparse individual
data but also restricts its overall robustness and gen-
eralization across diverse learning environments.

The necessity of capturing these social learn-
ing signals is deeply rooted in established learning
theories. For example, Social Constructivism high-
lights the role of social interaction and contextual
support in cognitive development (Adams, 2006),
while the Knowledge Community view posits that
learners form stable group structures around shared
goals and practical norms (Paavola et al., 2004).
Inspired by these principles, we propose Micro-
Community Knowledge Tracing (MicroC-KT), an
explainable KT framework that leverages evidence
from learning micro-environments. As shown in
Fig. 1, our core idea is to transform implicit group
cognitive structures into an explicit semantic evi-
dence chain, enabling LLMs to perform reasoning
with group-level context without training.

Specifically, we first construct a learning envi-
ronment hypergraph that integrates student ability
and multi-dimensional performance into a high-
dimensional structural space. We then apply hyper-
graph spectral clustering to identify learning com-
munities, which are treated as observable micro-
environments. To bridge the high-dimensional
graph space and the semantic space of LLMs, we
design a dual-granularity summarization technique
that converts structured student and community
profiles into textual summaries, forming textual
and statistical representation. This representation
aligns learners with suitable communities and orga-
nizes corresponding micro-environment evidence.
Within the matched community, we further retrieve
similar peers to construct contrastive peer evidence.
Finally, the target student, question, and accumu-
lated micro-environment evidence are fed into an
LLM for training-free inference. In our work,
training-free strictly denotes the absence of any
gradient-based backpropagation; no neural network
parameters are updated. This definition follows the
standard convention in the machine learning com-

munity (Yoon et al., 2024), where methods without
gradient-based parameter updates are classified as
training-free. Our major contributions are sum-
marized as follows:

• We propose MicroC-KT, the first training-free
framework modeling the group effect and im-
proves prediction and explanation by leverag-
ing learning micro-environments and commu-
nity cognitive context.

• We construct a learning environment hyper-
graph and discover learning communities via
hypergraph spectral clustering, providing a
structural basis for stable group-level cogni-
tive references.

• Based on structured statistical summaries, we
introduce a text summarization technique to
form a bi-granular representation, aligning
graph representations with the natural lan-
guage semantic space of LLMs for commu-
nity matching, peer retrieval, and evidence-
grounded analysis report generation.

• Experiments on multiple public educational
datasets show that our method outperforms
state-of-the-art baselines in both predictive
performance and interpretability.

2 Related Work

2.1 Graph-based KT Methods
Building on deep sequential KT models, re-
searchers have further introduced graph model-
ing to better characterize the higher-order interac-
tions among students, knowledge concepts (KCs),
and questions (e.g., GKT (Nakagawa et al., 2019),
DyGKT (Cheng et al., 2024), SimQE (Sun et al.,
2024), and STHKT (Li et al., 2025d)). More re-
cently, some studies have adopted hypergraphs for
finer-grained relational modeling (e.g., HyperKT
(Li et al., 2024b), DGEKT (Cui et al., 2024), and
HDKT (Hou et al., 2025)). These methods use
hyperedges to capture higher-order many-to-many
interactions among multiple entities, thereby en-
riching the structural representations at the ques-
tion and knowledge concept levels. However, these
graph-based methods still mainly model learning
from a single student’s interaction sequence. With-
out explicit student-group structures, it is often hard
to build a comparable group reference for robust
and explainable prediction in practice.
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Figure 2: The overall framework of MicroC-KT: (1) Construct a learning environment hypergraph; (2) Perform
spectral clustering on the hypergraph to obtain learning communities as observable micro-environments; (3) Build
bi-granular summaries to match the target student and retrieve community-based evidence; (4) Feed student and
question information and micro-environment evidence into an LLM for KT prediction and analysis report generation.

2.2 LLM-based KT Methods

Leveraging their strong language understanding ca-
pabilities, LLMs have been introduced into KT to
enhance interpretability. One line of work injects
knowledge tracing capabilities into LLM via in-
struction tuning (e.g., LLM-KT (Wang et al., 2025),
CIKT (Li et al., 2025c), and EPFL (Neshaei et al.,
2024)), enabling end-to-end generation for predic-
tion and explanation. Another line mainly relies on
prompt engineering (e.g., EFKT (Li et al., 2025a)
and 2T-KT (Li et al., 2025b)), where structured
prompts organize a student’s interaction history,
questions, and KCs to guide LLM reasoning and ex-
planation generation. However, both lines largely
overlook explicit group-level modeling, making
it difficult to build comparable group references.
Instruction-tuned methods face high training bar-
riers and require substantial data as well as hard-
ware resources, while prompt-based methods may
hallucinate when evidence is scarce, undermining
reliability and explanation verifiability.

3 Methodology

In this section, we propose MicroC-KT, whose
overall framework is illustrated in Fig. 2. The
framework is organized into four sequential stages.

3.1 Learning Environment Hypergraph
Construction

This module constructs the Learning Environment
Hypergraph (LEHG) to explicitly model higher-
order relations of student ability and learning per-
formance at the student level. We take the student
set V as the only vertex set, and define LEHG as
G = (V, E), where E = Eabl ∪ Eperf, Eabl denotes
the ability-aware hyperedge set, and Eperf denotes
the performance-aware hyperedge set. The former
connects students with similar global abilities into
space structures, and the latter organizes students
with similar learning performance into higher-order
interaction units.

3.1.1 External Attribute Construction

We first employ IRT-2PL (Birnbaum, 1968) model
to construct interpretable external attributes for stu-
dents and questions (e.g., student ability, question
difficulty and discrimination). Subsequently, we
discretize ability and question-level performance
into a finite set of levels, with the ability level
cθu ∈ {low,mid, high} and the performance level
ρ(·) ∈ {poor, avg, good}, to ensure consistent se-
mantic definitions of subsequent hyperedges. The
specific attribute estimation method, discretization
rules, and symbol definitions see Appendix A.
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3.1.2 Ability-aware Hyperedge Construction
Ability-aware hyperedges provide a stable global
group reference. We aggregate students into corre-
sponding higher-order relations based on the ability
level cθu, and form the ability-aware hyperedge set
Eabl = {eθlow, e

θ
mid, e

θ
high}. The specific definition

and construction details see Appendix B.

3.1.3 Performance-aware Hyperedge
Construction

Relying solely on ability-aware hyperedges is insuf-
ficient to reveal fine-grained differences in students
across specific cognitive dimensions and question-
attribute dimensions. Based on the performance
level ρ(·), we further construct the performance-
aware hyperedge set Eperf = Ekc ∪ Ediff ∪ Edisc,
which correspond to (1) knowledge-concept per-
formance hyperedges, (2) difficulty-stratified per-
formance hyperedges, (3) discrimination-stratified
performance hyperedges, respectively. These hy-
peredges characterize multi-dimensional learning
behaviors. The specific construction of the three
types of performance-aware hyperedges can be
found in Appendix C.

3.2 Learning Micro-environment
Construction

We model the group effect by viewing a learn-
ing community as an observable learning micro-
environment. It aggregates students with simi-
lar ability and multi-dimensional learning perfor-
mance, providing a stable community reference
and group-level cognitive context.

To construct learning communities at the stu-
dent level, we perform hypergraph spectral clus-
tering (Zhou et al., 2006) based on LEHG. For-
mally, let the student set be V , and denote the in-
cidence matrix of LEHG as H ∈ {0, 1}|V |×|E|,
where Hu,e = 1 indicates student u belongs to hy-
peredge e. We first compute the hyperedge degree
δ(e) =

∑
u∈V Hu,e and construct the diagonal ma-

trix De = diag(δ(e)). Meanwhile, we compute
the vertex degree d(u) =

∑
e∈E Hu,e and construct

the diagonal matrix Dv = diag(d(u)). Based on
these definitions, we construct the normalized hy-
pergraph Laplacian as:

L = I −D
− 1

2
v HD−1

e H⊤D
− 1

2
v (1)

where I ∈ R|V |×|V | is the identity matrix.
We then take the eigenvectors corresponding to

the smallest M eigenvalues of L to form an spec-
tral embedding matrix U ∈ R|V |×M , and cluster

the row vectors of U to obtain a community par-
tition {C1, . . . , CM}, where Cm ⊆ V , satisfies⋃M

m=1Cm = V and Ci ∩ Cj = ∅ (i ̸= j).
The resulting communities characterize the local

group structure of students in the joint space of abil-
ity and multi-dimensional learning performance.
We use this community partition as a structured
representation of the learning micro-environment
to describe the group context for each student.

3.3 Bi-granular Summary Construction and
Community-aware Retrieval

Inspired by Collaborative Learning Theory
(O’Donnell and Hmelo-Silver, 2013), we argue
that an individual learner’s ability and performance
should be understood within the group reference
of the learning micro-environment they belong to,
and further contrasted with similar peers within
the same community to reveal differences. We
propose a bi-granular summary construction and
community-aware retrieval mechanism to charac-
terize students and learning communities by ability
and multi-dimensional learning performance, yield-
ing reusable evidence. This module consists of the
following three stages.

3.3.1 Bi-granular Summary Construction
For each target student u, we construct a student-
level statistical summary Au, which includes
a characterization of student ability and multi-
dimensional learning performance statistics, specif-
ically including overall performance, KC-level per-
formance, and question-level performance. Corre-
spondingly, for each learning community Cm, we
construct a community-level statistical summary
ACm , which includes a characterization of com-
munity ability, overall community performance,
KC-level group performance, and an overview of
question-level group performance. More details of
statistical information see Appendix D.

Based on the statistical summaries, we use an
LLM to generate natural language summaries. Let
the prompt templates for students and communi-
ties be Pstu and Pcom, respectively. The natural
language summaries are defined as:

Ãu = LLM(Pstu, Au) (2)

ÃCm = LLM(Pcom, ACm) (3)

The resulting bi-granular natural language sum-
maries for students and communities provide a
more compact and readable semantic expression
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while maintaining evidence consistency. The de-
tailed prompt template see Appendix N.

3.3.2 Community Membership Matching
To map a target student at test time to existing
learning communities, we adopt a dual-channel
matching scheme with a statistical channel and a
textual channel, and obtain the final matching score
via weighted fusion.

In the statistical channel, we represent the stu-
dent statistical summary Au and the community
statistical summary ACm as vector features fu and
fCm . The consistency between them is then mea-
sured by cosine similarity:

sfeat(u,Cm) = cos(fu, fCm) (4)

In the textual channel, we feed the student nat-
ural language summary Ãu and the community
natural language summary ÃCm into a Sentence-
BERT encoder ϕ(·) to obtain semantic vectors
tu = ϕ(Ãu) and tCm = ϕ(ÃCm), and likewise
using cosine similarity:

stext(u,Cm) = cos(tu, tCm) (5)

The two channel scores are fused with coefficient
λ to obtain the final matching score:

s(u,Cm) = λ stext(u,Cm) + (1− λ) sfeat(u,Cm)
(6)

based on which the target student is assigned to the
community with the highest score:

m⋆ = arg max
m∈{1,...,M}

s(u,Cm) (7)

3.3.3 Community-based Evidence Retrieval
After determining the learning community of the
target student, we further collect community-based
evidence to support a more reliable and comparable
inference context for the target student. Specifi-
cally, for any target student u and its community
Cm⋆ , we consider the candidate peer set Vu =
{ v ∈ Cm⋆ | v ̸= u }. We then assess how rep-
resentative each peer v is for forming the target
student’s learning micro-environment evidence by
measuring the similarity between (u, v) from four
complementary signals (e.g., ability, performance,
shared questions and KCs), and fuse the ranking
results induced by these signals to obtain a robust
peer ordering. The specific four complementary
signals can be found in Appendix E.

To fuse multi-route ranking results, we adopt
reciprocal rank fusion (RRF) (Cormack et al., 2009)

to define the aggregated score of a candidate peer
v as:

RRF(v) =
R∑

r=1

1

κ+ rankr(v)
(8)

where rankr(v) denotes the rank of v under the r-
th criterion, κ is a smoothing constant, and R is the
number of routes that actually cast votes. Finally,
we select the Top-K candidates with the highest ag-
gregated scores as the similar peer set Nu, and use
the peers’ information together with the commu-
nity information to form the key community-based
evidence for the target student.

3.4 Community Inspired KT Prediction

Traditional KT models typically output only numer-
ical predictions and lack high-level semantic expla-
nations of the evidence behind the predictions, mak-
ing it difficult to meet the interpretability demands
in educational scenarios. To this end, we incorpo-
rate group-referential evidence from the learning
micro-environment into the prompt and employ a
LLM to simultaneously perform KT prediction and
generate an explanatory analysis report. Since this
stage adopts a zero-shot setting without fine-tuning
the LLM, the structured design of the prompt tem-
plate is particularly critical. The complete prompt
template is provided in Appendix O.

The structured prompt consists of three types
of information: (1) target student information:
including the student’s ability, multi-dimensional
learning performance summaries, and the histor-
ical interaction sequence; (2) target question in-
formation: including the question attributes; (3)
learning micro-environment evidence: including
the assigned community information of the target
student and similar peers information.

Given the prompt template Ppred and evidence
Xu,q, the LLM output is defined as:

(ŷu,q, pu,q, Ru,q) = LLM(Ppred,Xu,q) (9)

where ŷu,q ∈ {correct,wrong} is the predicted an-
swer outcome, pu,q ∈ [0, 1] is the confidence prob-
ability of being correct, and Ru,q is the natural
language analysis report that explains the predic-
tive evidence and reasoning process.

4 Experiment

In this section, we conduct extensive experiments
to illustrate the effectiveness of our method.
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Category Model Assistment09 Statics2011 DBE-KT22 Frcsub

ACC AUC ACC AUC ACC AUC ACC AUC

DL-based Methods

DKT (Piech et al., 2015) 0.7218 0.7452 0.7915 0.7927 0.7122 0.7219 0.7952 0.8695
DKVMN (Zhang et al., 2017) 0.7129 0.7442 0.7668 0.7774 0.7038 0.7157 0.8287 0.9023
AKT (Ghosh et al., 2020) 0.7380 0.7788 0.8230 0.8242 0.7292 0.7539 0.8218 0.8954
SAINT+ (Shin et al., 2021) 0.7323 0.7658 0.8092 0.8164 0.6987 0.7178 0.8139 0.8775
DTransformer (Yin et al., 2023) 0.7534 0.8036 0.8068 0.8322 0.7254 0.7391 0.8254 0.8861

Graph-based Methods

GKT (Nakagawa et al., 2019) 0.7224 0.7459 0.7862 0.7888 0.6707 0.6620 0.7589 0.8387
GIKT (Yang et al., 2020) 0.7598 0.7852 0.8036 0.8256 0.7254 0.7475 0.7928 0.8643
PEBG+DKT (Liu et al., 2020) 0.7668 0.8083 0.8013 0.8179 0.7319 0.7582 0.8246 0.9187
SimQE (Sun et al., 2024) 0.7643 0.8027 0.8111 0.8321 0.7255 0.7467 0.8255 0.9163
STHKT (Li et al., 2025d) 0.7682 0.8056 0.8082 0.8295 0.7038 0.7145 0.8212 0.9135
DyGKT (Cheng et al., 2024) 0.7644 0.7983 0.8125 0.8296 0.7051 0.7262 0.8039 0.8837

Hypergraph-based Methods
HyperKT (Li et al., 2024b) 0.7589 0.7933 0.7993 0.8126 0.7228 0.7320 0.8042 0.8756
DGEKT (Cui et al., 2024) 0.7413 0.7856 0.7748 0.7849 0.7105 0.7369 0.8352 0.8964
HDKT (Hou et al., 2025) 0.7524 0.7835 0.8032 0.8346 0.7273 0.7438 0.8349 0.8861

LLM-based Methods

EPFL (Neshaei et al., 2024) 0.6013 0.5827 0.6962 0.7189 0.5526 0.5599 0.8538 0.7446
EFKT (Li et al., 2025a) 0.7641 0.7945 0.7342 0.7671 0.5702 0.5708 0.8091 0.8758
LLM-KT (Wang et al., 2025) 0.7752 0.8132 0.8146 0.8423 0.6983 0.7234 0.8231 0.8056
CIKT (Li et al., 2025c) 0.7523 0.7635 0.7325 0.7868 0.6854 0.7058 0.8048 0.8376
HISE-KT (Duan et al., 2025) 0.7834 0.8166 0.8201 0.8459 0.6842 0.7071 0.8524 0.9209
2T-KT (Li et al., 2025b) 0.7392 0.7634 0.7698 0.7825 0.7036 0.7325 0.8036 0.8203

Ours
MicroC-KTDeepSeek-V3 0.7708 0.8263 0.8287 0.8693 0.7276 0.7866 0.8545 0.9006
MicroC-KTGPT-4o 0.7940 0.8380 0.8324 0.8841 0.7223 0.7731 0.8685 0.9264
MicroC-KTQwen-Plus 0.8106 0.8595 0.8485 0.8987 0.7565 0.8084 0.8727 0.9486

Table 1: Main results on four benchmark datasets. All results are reported as the mean of five runs. Best result is
indicated in bold, and the second-best result is indicated underlined.

4.1 Experimental Settings

Datasets. We evaluate the performance of MicroC-
KT on four benchmark datasets: Assistment09
(Feng et al., 2009), Statics2011 (Koedinger et al.,
2010), DBE-KT22 (Abdelrahman et al., 2022) and
Frcsub (Wu et al., 2015). More details are pro-
vided in Appendix F.
Baselines. For a comprehensive comparison, we
evaluate our proposed method against four cate-
gories of baselines: Deep Learning (DL)-based,
Graph-based, Hypergraph-based, and LLM-based
methods. The specific descriptions of each baseline
are provided in Appendix G.
Implementation Details. We split each dataset
into training, validation, and test sets with a ra-
tio of 8:1:1. The hypergraph is constructed solely
from the training set. For summary generation and
KT prediction, we use DeepSeek-V3 (Liu et al.,
2024), GPT-4o (Hurst et al., 2024), and Qwen-Plus
(Bai et al., 2023) in a zero-shot manner without
additional fine-tuning. To ensure a fair compar-
ison, all LLM-based baselines were reproduced
under the exact same LLM backbones and con-
text budgets. We report their experimental results
based on the best-performing backbone. In commu-
nity membership matching, the fusion coefficient

λ between the textual and statistical channels is
selected via grid search on the validation set over
{0.0, 0.1, . . . , 1.0}. For reciprocal rank fusion, the
smoothing constant κ is set to 60. More implemen-
tation details are provided in Appendix H.

4.2 Main Results

Tab. 1 reports the ACC and AUC of all com-
pared methods. Overall, MicroC-KT consistently
achieves the best performance across all cate-
gories of baseline methods, indicating the effec-
tiveness of our proposed method. This advantage
mainly stems from introducing learning micro-
environment evidence into the KT process. By
constructing a learning environment hypergraph
and deriving community-level micro-environments,
our framework provides a structured group refer-
ence for each target student, and further retrieves
comparable peers within the same community.
Such community-aware evidence complements in-
dividual interaction histories with higher-order and
student-side relational signals, enabling more reli-
able and informative context for LLM-based pre-
diction. It reduced reliance on often overly brittle
single-student cues, especially when observations
are sparse or noisy. We further evaluate the effi-
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Method Assistment09 Statics2011 DBE-KT22 Frcsub

ACC AUC ACC AUC ACC AUC ACC AUC

Full 0.8106 0.8595 0.8485 0.8987 0.7565 0.8084 0.8727 0.9486

w/o Comm. 0.7733 0.8128 0.8182 0.8472 0.7038 0.7419 0.8453 0.8592
w/o Peers 0.7241 0.7932 0.7576 0.8213 0.7094 0.7366 0.8364 0.8306
w/o SS 0.7758 0.8263 0.7883 0.8234 0.7012 0.7409 0.8569 0.8451
w/o TS 0.7608 0.8343 0.7273 0.8393 0.7179 0.7730 0.8545 0.8196
RC 0.6974 0.7535 0.6970 0.7996 0.6667 0.6909 0.6818 0.6685
RP 0.7575 0.8174 0.7879 0.8611 0.7009 0.7373 0.8545 0.8397
CCP 0.7741 0.8227 0.7612 0.8358 0.7265 0.7569 0.7455 0.7436

Table 2: Ablation results of MicroC-KT on four bench-
mark datasets.

ciency of MicroC-KT and all baselines. The de-
tailed results are presented in Appendix I.

4.3 Ablation Study

To further investigate the contribution of each com-
ponent in MicroC-KT, we conduct ablation study
with seven variants. As shown in Tab. 2: (1) w/o
Comm. indicates removing the community-level
evidence of the assigned learning community at
inference time, so the community summary and
group reference are not provided; (2) w/o Peers
indicates removing the retrieved similar peers at
inference time, so no peer-contrast evidence is pro-
vided; (3) w/o SS indicates removing the structured
statistical summaries at inference time and keeping
only the textual summaries as evidence input; (4)
w/o TS indicates removing the textual summaries at
inference time and keeping only the structured sta-
tistical summaries; (5) RC (Random Community)
indicates randomly assigning the target student to a
community, thus using an incorrect community ref-
erence and organizing subsequent evidence within
that random community; (6) RP (Random Peers)
indicates keeping community matching unchanged
but replacing the retrieved peers with randomly
sampled students from the matched community;
(7) CCP (Cross Community Peers) indicates re-
moving the community constraint and retrieving
peers from other communities, resulting in cross-
community peer retrieval.

As shown in Tab. 2, removing community infor-
mation or similar peers leads to clear performance
drops, indicating that learning micro-environment
evidence provides essential support for LLM-based
prediction. Using only natural-language summaries
or only statistical features also degrades perfor-
mance, suggesting that textual and statistical evi-
dence are complementary and their combination
offers more consistent decision cues. Randomly as-
signing communities causes the largest degradation
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Figure 3: Parameter sensitivity of the community num-
ber M and the number of similar peers Top-K on AUC.
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Figure 4: Visualizations of community clustering analy-
sis on Assistment09 and DBE-KT22 datasets.

because the micro-environment evidence becomes
systematically corrupted and can mislead the rea-
soning process; in contrast, randomly selecting
peers within the community still outperforms w/o
peers, showing that the community constraint itself
provides a meaningful local reference. Finally, re-
trieving peers across communities performs worse
than community-restricted retrieval, further validat-
ing community partitioning imposes an effective
local constraint, making the retrieved peers more
comparable and the evidence more coherent.

4.4 Parameter Sensitivity

Fig. 3 shows the impact of the community num-
ber M and the number of similar peers Top-K
on performance in terms of AUC (the complete
ACC and AUC results are provided in Appendix J).
For the community number M , too few communi-
ties will coarsely mix learners with different cogni-
tive states, making it difficult to characterize clear
cognitive groups; too many communities tend to
form fragmented groups, which makes the learning
micro-environment evidence unstable and weakens
comparability. Overall, M = 6 ∼ 8 is more ap-
propriate, enabling a clearer partition of learning
micro-environments with different cognitive states.

For the number of similar peers Top-K, a too
small K leads to insufficient peer evidence, while
a too large K may introduce weakly-related noise
and dilute key information. K = 3 usually works
best, achieving a better balance between evidence
sufficiency and noise control.
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Figure 5: Case study of MicroC-KT. MicroC-KT lever-
ages in-community evidence to predict whether the tar-
get student can answer the target question correctly and
generates an analysis report.

4.5 Clustering Analysis
As shown in Fig. 4 (results on Assistment09 and
DBE-KT22; full visualizations on all datasets are
provided in Appendix K), we further conduct clus-
tering analysis to intuitively validate the effective-
ness of the learning micro-environment. Based
on the community partition, we visualize student
representations using t-SNE (Maaten and Hinton,
2008). Distinct communities form clusters with
clear boundaries and high separability in the 2D
space, indicating that MicroC-KT can aggregate
students with similar cognitive states and response
behaviors into the same community and effectively
distinguish different learning micro-environments.

Meanwhile, Fig. 4 presents several interpretable
attributes for each community, such as commu-
nity size, average ability, and overall accuracy, to
summarize the micro-environment characteristics
of different clusters. Overall, students within the
same community exhibit similar cognitive levels
and learning performance, and clusters that are
closer in the embedding space tend to correspond
to more similar group features. These results sup-
port the rationality of our community partition and
provide a reliable group foundation for community-
restricted retrieval and evidence provision.

4.6 Case Study
As shown in Fig. 5, MicroC-KT performs inference
by combining the target student and target question
information while introducing the evidence from
the learning micro-environment. MicroC-KT first
matches the target student to the assigned learn-
ing community. The community-level accuracy on

Method EG FC TA PU CC Overall

EFKT 2.35 2.41 2.28 2.12 2.50 2.33
CIKT 3.08 3.12 3.01 2.86 3.22 3.06
HISE-KT 4.18 4.23 4.12 4.05 4.31 4.18

MicroC-KTQwen-Plus 4.82 4.86 4.79 4.74 4.90 4.82

Table 3: Human evaluation of analysis report quality on
40 sampled students (10 per dataset) across four datasets.
We evaluate report quality from five dimensions (Evi-
dence Groundedness (EG), Factual Consistency (FC),
Targeted Analysis (TA), Pedagogical Usefulness (PU),
and Clarity and Coherence (CC)). Each dimension is
rated on a 1–5 scale (higher is better), and Overall is
the average over five dimensions. Five experts inde-
pendently rated all reports, with inter-rater agreement
measured by the Cohen’s kappa coefficient κ† = 0.82.

the target knowledge concept KC91 is 70%, which
serves as a stable community reference. It then
retrieves several similar peers within the commu-
nity. Their accuracies on KC91 are 79%, 72%, and
64%, respectively, providing peer contrastive evi-
dence. Based on the consistent support from the
community reference and the peer evidence, LLM
can still make an accurate prediction even if the
target student has no prior responses on KC91, and
provides the corresponding analysis report. The
natural-language summaries of the target student
and the matched community see Appendix. M.

4.7 Quality Evaluation of Analysis Reports

We conduct a human evaluation to assess the qual-
ity of the analysis reports generated by different
LLM-based KT methods. Tab. 3 summarizes the re-
sults, MicroC-KT achieves the highest score among
all compared methods. It consistently yields more
grounded and factually consistent analyses, indicat-
ing that the generated reports better align with the
provided evidence. This suggests that incorporat-
ing micro-environment evidence can improve the
reliability of LLM-generated reports. Detailed eval-
uation criteria and results analysis see Appendix L.

4.8 Token Consumption and Cost Analysis

To evaluate the deployment feasibility of our
framework, we conduct a fine-grained quantita-
tive analysis of the token consumption based on
the prompt structure. As detailed in Tab. 4, the
prompt comprises several modules, including sys-
tem instructions, target student information, target
question information, and multi-granularity micro-
environment evidence. The total input length is
tightly controlled at approximately 1,200 tokens,
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and the generated diagnostic report consumes about
200 tokens, resulting in a total token usage of
roughly 1,400 tokens per inference.

Based on this estimation, when utilizing Qwen-
Plus as the LLM backbone, the API cost for gen-
erating 1,000 diagnostic predictions and reports is
merely about $1.0 USD. Even when employing a
more advanced model like GPT-4o, the cost per
1,000 diagnoses remains highly controllable at ap-
proximately $5.0 USD. Furthermore, MicroC-KT
is fully compatible with locally deployed open-
source LLMs, which can completely eliminate API
token costs, making the framework highly scalable
and economical for real-world educational applica-
tions.

Stage Component Estimated Tokens

Input

System Instructions ∼220
Target Student Information ∼400
Target Question Information ∼50
Target Community Evidence ∼250
Similar Peer Evidence ∼100

Total Input ∼1200

Output Prediction Result & Diagnostic Report ∼200

Total ∼1400

Table 4: Estimated token consumption for a single pre-
diction and diagnostic report generation based on the
prompt structure.

5 Conclusion

In this paper, we propose MicroC-KT, an inno-
vative knowledge tracing framework tailored for
learning micro-environments, aiming to deliver
more accurate and trustworthy predictions with ex-
planations. The key idea is to explicitly model
group cognition and community reference at the
student level. Specifically, we construct a learning
environment hypergraph and perform spectral clus-
tering to discover learning communities. Further-
more, we build bi-granular summaries for students
and communities, enabling community matching
and within-community peer evidence retrieval, thus
providing the LLM with consistent and contrastive
evidence support. Finally, MicroC-KT jointly feeds
the target student, question, and learning micro-
environment evidence into the LLM, achieving KT
prediction and generating the corresponding analy-
sis report simultaneously. Extensive experiments
on four public datasets demonstrate that MicroC-
KT outperforms strong baselines in both predictive
performance and explanation reliability.

Limitations

While MicroC-KT demonstrates promising results,
it has several limitations. First, its predictive per-
formance may fluctuate across LLMs of different
scales and reasoning capacities, and smaller mod-
els with fewer parameters and weaker reasoning
ability can incur a slight performance drop. Second,
constrained by the context window and inference
cost, we do not fully incorporate richer fine-grained
information such as question text or longer inter-
action histories, which may limit more detailed
modeling and explanations.
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A External Attribute Construction

Given the student interaction logs, we denote the
response outcome of student u on question q as
yu,q ∈ {0, 1}. We employ the IRT-2PL model to
estimate an ability parameter θu for each student,
and estimate a difficulty parameter bq and a dis-
crimination parameter aq for each question. The
probability of a correct response is defined as:

P (yu,q = 1 | θu, aq, bq) = σ
(
aq(θu − bq)

)
(10)

where σ(·) is the Sigmoid function. The parameters
{θu}, {bq}, and {aq} are obtained via maximum
likelihood estimation. To improve comparability
and numerical stability, we standardize the ability
parameters as θu ← (θu − µθ)/σθ, where µθ and
σθ are the mean and standard deviation of {θu},
respectively.

To obtain consistent and interpretable semantic
labels, we discretize continuous attributes into fi-
nite levels. The ability level is defined as cθu ∈
{low,mid, high}, using a three-interval partition
based on the mean and standard deviation:

cθu =





low, θu ≤ µθ − σθ

mid, µθ − σθ < θu < µθ + σθ

high, θu ≥ µθ + σθ

(11)

When it is necessary to compute stratified perfor-
mance statistics by question attributes, we also
discretize question difficulty and discrimination
into three levels: cbq ∈ {low,mid, high} and caq ∈
{low,mid, high}, and apply the same three-interval
partition rule as ability to {bq} and {aq}, respec-
tively.

We use accuracy as the learning performance
statistic. For student u, the overall accuracy is:

accu =

∑
(u,q)∈Ω yu,q∑
(u,q)∈Ω 1

(12)

At the knowledge concept level, let Ωu(k) denote
the interaction set of student u on questions associ-
ated with concept k, we have:

accu(k) =

∑
(u,q)∈Ωu(k)

yu,q∑
(u,q)∈Ωu(k)

1
(13)

At the difficulty-stratified level, let Ωdiff
u (d) denote

the interaction set of student u on questions whose
difficulty level is cbq = d, we have:

accdiffu (d) =

∑
(u,q)∈Ωdiff

u (d) yu,q∑
(u,q)∈Ωdiff

u (d) 1
(14)

At the discrimination-stratified level, let Ωdisc
u (t)

denote the interaction set of student u on questions
whose discrimination level is caq = t, we have:

accdiscu (t) =

∑
(u,q)∈Ωdisc

u (t) yu,q∑
(u,q)∈Ωdisc

u (t) 1
(15)

Finally, we map any performance value
z ∈ [0, 1] to a performance level ρ(z) ∈
{poor, avg, good} by defining two thresholds
τpoor < τgood as:

ρ(z) =





poor, z < τpoor

avg, τpoor ≤ z < τgood

good, z ≥ τgood

(16)

Here, we define τpoor = 0.4 and τgood = 0.6. This
discretization provides an external attribute basis
for hyperedge definitions.

B Ability-aware Hyperedge Construction

Given the student set V , we discretize each stu-
dent’s ability parameter θu into an ability level
cθu ∈ {low,mid, high}. Ability-aware hyperedges
provide a stable global ability reference: we use
the ability level as the semantic anchor and aggre-
gate students in the same ability tier into the same
higher-order relation. Specifically, for any ability
level l ∈ {low,mid, high}, we define an ability-
aware hyperedge as:

eθl = {u ∈ V | cθu = l } (17)

This yields the ability-aware hyperedge set:

Eabl = {eθlow, e
θ
mid, e

θ
high} (18)

We assign each student u to the corresponding hy-
peredge eθl according to its ability level cθu, thereby
forming higher-order aggregation relations for the
low-ability, mid-ability, and high-ability groups,
and satisfies

⋃
l e

θ
l = V .

C Performance-aware Hyperedge
Construction

Given the student set V , we further construct the
performance-aware hyperedge set Eperf to char-
acterize group consistency in students’ multi-
dimensional learning performance. This set con-
sists of three types of hyperedges:

Eperf = Ekc ∪ Ediff ∪ Edisc (19)
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where Ekc denotes the knowledge-concept perfor-
mance hyperedge set, Ediff denotes the difficulty-
stratified performance hyperedge set, and Edisc de-
notes the discrimination-stratified performance hy-
peredge set. All three types of hyperedges are con-
structed based on the performance level mapping
function ρ(·), where ρ(·) ∈ {poor, avg, good}.

C.1 Knowledge-concept Performance
Hyperedges

For any knowledge concept k and any perfor-
mance level r ∈ {poor, avg, good}, we define a
knowledge-concept performance hyperedge as:

ekc
k,r = {u ∈ V | ρ(accu(k)) = r } (20)

This yields the knowledge-concept performance
hyperedge set:

Ekc = { ekc
k,r | k ∈ K, r ∈ {poor, avg, good} }

(21)
where K is the set of knowledge concepts. This
construction aggregates students with the same per-
formance level on the same knowledge concept
into the same higher-order relation.

C.2 Difficulty-stratified Performance
Hyperedges

For any difficulty level d ∈ {low,mid, high} and
any performance level r ∈ {poor, avg, good}, we
define a difficulty-stratified performance hyperedge
as:

ediff
d,r = {u ∈ V | ρ(accdiff

u (d)) = r } (22)

This yields the difficulty-stratified performance hy-
peredge set:

Ediff = { ediff
d,r | d ∈ {low,mid, high},

r ∈ {poor, avg, good} }
(23)

This construction aggregates students with the
same performance level under the same difficulty
tier into the same higher-order relation.

C.3 Discrimination-stratified Performance
Hyperedges

For any discrimination level t ∈ {low,mid, high}
and any performance level r ∈ {poor, avg, good},
we define a discrimination-stratified performance
hyperedge as:

edisc
t,r = {u ∈ V | ρ(accdisc

u (t)) = r } (24)

This yields the discrimination-stratified perfor-
mance hyperedge set:

Edisc = { edisc
t,r | t ∈ {low,mid, high},

r ∈ {poor, avg, good} }
(25)

This construction aggregates students with the
same performance level under the same discrimi-
nation tier into the same higher-order relation.

D Statistical Summary Construction

For each target student u, we construct a student-
level statistical summary Au to characterize stu-
dent ability and multi-dimensional learning perfor-
mance statistics, including the following compo-
nents:

(1) Student ability. The ability parame-
ter θu and the discretized ability level cθu ∈
{low,mid, high}.

(2) Overall performance. The overall accuracy
accu.

(3) KC-level performance. For each knowl-
edge concept k, we compute the KC-level accuracy
accu(k) to form a concept-wise performance pro-
file.

(4) Question-attribute-level performance. For
each difficulty level d ∈ {low,mid, high}, we com-
pute accdiff

u (d), and for each discrimination level
t ∈ {low,mid, high}, we compute accdisc

u (t), to
capture student behavior differences under differ-
ent question-attribute conditions.

For each learning community Cm, we construct
a community-level statistical summary ACm to
characterize community ability and group-level
multi-dimensional learning performance statistics,
including the following components:

(1) Community ability. The community mean
ability θCm and the community ability level cθCm

(aggregated from members’ ability levels).
(2) Overall community performance. The

overall community accuracy accCm .
(3) KC-level group performance. For each

knowledge concept k, we compute the group accu-
racy accCm(k) to form the community’s concept-
wise performance profile.

(4) Question-level group performance
overview. From the question-attribute per-
spective, we provide a question-level overview
of the community, including the group accu-
racy across difficulty levels accdiff

Cm
(d) with

d ∈ {low,mid, high}, and the group accuracy
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across discrimination levels accdisc
Cm

(t) with
t ∈ {low,mid, high}.

E Four-route Complementary Signals for
Similar Peers Retrieval

The four complementary signals characterize the
similarity of a student pair (u, v) within the com-
munity from the perspectives of ability, knowledge-
concept performance consistency, shared questions,
and shared knowledge coverage. We define the
four signal functions as follows:

(1) Ability-gap signal:

sabl(u, v) = |θu − θv| (26)

where θu denotes the ability value of student u.
(2) KC performance gap signal:

skc(u, v) =
1

|Kuv|
∑

k∈Kuv

|accu(k)− accv(k)|

(27)
where Kuv denotes the set of shared knowledge
concepts between u and v, and accu(k) denotes the
correctness rate of student u on knowledge concept
k.

(3) Shared question signal:

sq(u, v) = |Qu ∩Qv| (28)

where Qu denotes the set of questions attempted
by student u.

(4) Shared KC signal:

sk(u, v) = |Ku ∩ Kv| (29)

where Ku denotes the set of knowledge concepts
covered by student u.

These four signals induce four candidate rank-
ings, where sabl(u, v) and skc(u, v) are ranked in
ascending order, while sq(u, v) and sk(u, v) are
ranked in descending order. Notably, skc(u, v) par-
ticipates in fusion only when |Kuv| > 0 and the
corresponding correctness rates are computable;
otherwise, this route does not vote for the candi-
date pair (u, v).

F Datasets

We evaluate the performance of MicroC-KT on
four commonly used public educational datasets.
Tab. 5 reports the statistics of the processed
datasets.

Datasets Students Questions KCs Interactions

Assistment09 3,013 9,795 107 297,575
Statics2011 331 633 97 111,468
DBE-KT22 1,140 212 93 306,499
Frcsub 536 20 8 98,624

Table 5: Statistics of the four processed datasets.

• Assistment09 is collected from the ASSIST-
ments online learning platform during the
2009–2010 academic year. The questions pri-
marily focus on mathematics, and the dataset
is widely used for benchmarking knowledge
tracing models.

• Statics2011 is collected from an Engineer-
ing Statics course taught at Carnegie Mellon
University in Fall 2011. It records students’
learning interactions in an engineering statics
setting and has been commonly adopted in
knowledge tracing literature.

• DBE-KT22 is a knowledge tracing dataset
collected from an online student exercise
system in a database course taught at the
Australian National University. It is de-
signed to support tracking students’ knowl-
edge progress over time for online education
tasks, and is released for public access through
the Australian Data Archive platform.

• Frcsub mainly focuses on middle school stu-
dents’ responses to fraction subtraction ques-
tions, providing a compact yet representative
benchmark for evaluating knowledge tracing
models.

For all datasets, we remove students with fewer
than 10 interaction records and questions that are
answered fewer than 10 times.

G Baselines

To evaluate the performance of our proposed
method, we compare it with four categories of base-
lines: DL-based, Graph-based, Hypergraph-based,
and LLM-based methods.

G.1 DL-based KT Methods
The DL-based KT methods include:

• DKT uses recurrent neural networks to en-
code a student’s response sequence and pre-
dict the correctness of the next interaction.
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• DKVMN uses a key value memory network
with static concept keys and dynamic values
that update to track a student’s mastery of each
concept.

• AKT uses a monotonic, decay-based atten-
tion mechanism over past interactions, with
Rasch-model regularization to improve KT
performance.

• SAINT+ is an encoder–decoder Transformer
for knowledge tracing that separately mod-
els exercises and responses, and augments re-
sponses with elapsed-time and lag-time em-
beddings.

• DTransformer builds a diagnostic Trans-
former that infers knowledge-level proficiency
from question-level mastery and is trained
with a contrastive objective to produce more
stable knowledge state tracing.

G.2 Graph-based KT Methods
The Graph-based KT methods include:

• GKT formulates knowledge tracing as a time-
series node-level prediction task on a knowl-
edge graph, using graph neural networks to
model latent relationships among exercises.

• GIKT uses graph convolutional networks to
propagate embeddings over the question–skill
graph and model student, question and skill
interactions for performance prediction.

• PEBG+DKT pretrains question embeddings
from side information and then feeds these
embeddings into DKT for improved knowl-
edge tracing.

• SimQE learns similarity enhanced question
embeddings by extracting and fusing multi-
relation question similarity from weighted, at-
tributed meta-paths to alleviate data sparsity
in knowledge tracing.

• STHKT models dynamic structural dependen-
cies in knowledge tracing by using a tripar-
tite graph with graph convolutional networks
and a Hawkes process spatiotemporal atten-
tion mechanism.

• DyGKT builds a continuous time dynamic
question answering graph and uses dual time
encoding to capture evolving student, ques-
tion, and concept relations for knowledge trac-
ing.

G.3 Hypergraph-based KT Methods

The Hypergraph-based KT methods include:

• HyperKT uses dual channel adaptive hyper-
graph encoders to capture higher order re-
sponse relations and multigranularity knowl-
edge states, with cross view contrastive learn-
ing for stronger supervision.

• DGEKT ensembles a hypergraph model for
exercise concept associations and a directed
graph model for interaction transitions, com-
bined via online knowledge distillation for
improved knowledge tracing.

• HDKT enhances question representations
with a hypergraph over multi-attribute infor-
mation and traces knowledge state evolution
with session based forgetting and a de conjec-
ture mechanism to reduce guessing bias.

G.4 LLM-based KT Methods

The LLM-based KT methods include:

• EPFL applies large language models to
knowledge tracing via zero shot prompting
and fine tuning, showing that fine tuned LLMs
can model learning trajectories and reach per-
formance comparable to Bayesian knowledge
tracing.

• EFKT formulates explainable few shot knowl-
edge tracing and uses large language models
with cognition guided prompting to predict
performance from limited records while gen-
erating natural language explanations.

• LLM-KT aligns large language models with
knowledge tracing using plug and play instruc-
tion and plug in context and sequence adapters
to inject compressed history and behavior rep-
resentations for better prediction.

• CIKT uses an LLM to iteratively generate
explainable student profiles and refine them
through a collaborative loop with a predictor
to improve knowledge tracing accuracy and
interpretability.

• HISE-KT integrates a heterogeneous infor-
mation network with an LLM that scores and
filters meta-path instances to improve KT in-
terpretability.
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Model Training Time (s) Offline Time (s) Inference Time (s)

DL-based

DKT 608.6 – 5.2
DKVMN 742.9 – 6.4
AKT 1189.7 – 18.6
SAINT+ 1418.2 – 22.9
DTransformer 2196.5 – 31.7

Graph-based

GKT 987.4 – 12.8
GIKT 1562.8 – 16.9
PEBG+DKT 1719.6 – 14.6
SimQE 1637.3 – 15.8
STHKT 2574.9 – 20.7
DyGKT 2128.4 – 19.4

Hypergraph-based

HyperKT 3327.2 – 24.6
DGEKT 2711.9 – 21.8
HDKT 3588.5 – 27.9

LLM-based

EPFL – – 96.4
EFKT 0 – 134.7
LLM-KT – – 149.3
CIKT – – 128.6
HISE-KT 0 – 104.8
2T-KT 0 – 161.9

Ours

MicroC-KTQwen-Plus 0 244.1 111.6

Table 6: Efficiency comparison in terms of training time,
offline construction time, and inference time.

• 2T-KT uses an LLM with a teacher think-
ing prompt pipeline and augmented local
and global knowledge graphs to predict stu-
dent performance on exercises involving new
knowledge concepts.

H More Implementation Details

We strictly enforce the separation of training and
testing throughout the IRT estimation and hyper-
graph construction. Specifically, the item param-
eters of IRT-2PL (difficulty bq and discrimination
aq) are estimated using only the training set and
then kept fixed in subsequent stages; the hyper-
graph is also constructed solely from the training
interactions. Meanwhile, we estimate student abil-
ity θu for training students based on the training
data via IRT. During testing, for any target student
u, at prediction time step t, we estimate the ability
θu,t online using only the observed history in the
test sequence (i.e., interactions up to time t−1), en-
suring that ability estimation does not access future
interactions or future labels.

For community membership matching, the tex-
tual channel employs the Sentence-BERT encoder
sentence-transformers/all-mpnet-base-v2
to obtain representations of the student-level and
community-level natural language summaries,
which are then used for subsequent matching.

I Efficiency and Computational Cost

Tab. 6 reports our efficiency evaluation results, in-
cluding the training time, offline construction time,
and inference time of all compared methods. All
efficiency experiments were conducted under the
same hardware and software environment, with
all models implemented in PyTorch and evaluated
using an identical data preprocessing and testing
pipeline for fair comparison. Our server configu-
ration is: a single RTX 5090 GPU (32GB), 25 vC-
PUs Intel Xeon Platinum 8470Q, and 90GB RAM.
For trainable models (DL-based, graph-based, and
hypergraph-based methods), we report the total
training time to convergence on the Assistment09
dataset as Training Time. We define Inference Time
as the total time required to complete one full eval-
uation pass on the test set. Since these trainable
baselines also require certain preprocessing steps,
they do incur a small amount of offline cost; how-
ever, this cost is typically negligible compared with
the overall training time under our implementation
and is therefore omitted, with Offline Time marked
as “–”.

For LLM-based methods, existing implementa-
tions vary substantially across papers. Some are
purely prompting-based with no training, while
others involve additional LLM fine-tuning. For
prompting-based methods, we set Training Time
to 0; however, their offline procedures are often
implementation-specific and difficult to reproduce
and align under a unified setting, so we do not
report Offline Time. For fine-tuned methods, the
training process and compute budget are hard to
track consistently across implementations, so we
mark Training Time as “–” and likewise do not re-
port Offline Time. Therefore, for all LLM-based ap-
proaches, we report only Inference Time. Notably,
the inference latency of LLM-based approaches
is primarily influenced by the prompt length and
structure, the API response rate, and the generated
output length. As a result, the time differences
among LLM-based methods typically reflect their
relative prompting complexity and information vol-
ume, rather than exhibiting the same magnitude of
scaling as training costs in deep models.

For our method MicroC-KT, since it is training-
free, the Training Time is 0. We additionally report
Offline Time, which covers one-time procedures in-
cluding hypergraph construction, hypergraph spec-
tral clustering, summary generation, peer retrieval,
and so on. This offline stage is executed only once
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Figure 6: Parameter sensitivity of the community number M and the number of similar peers Top-K on ACC.
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Figure 7: Parameter sensitivity of the community number M and the number of similar peers Top-K on AUC.

and can be reused during online prediction, making
our approach deployment-friendly.
Trends and conclusions. Overall, the statistics
indicate that the training cost of trainable mod-
els increases markedly with architectural complex-
ity, and methods based on attention as well as
graph or hypergraph modeling are more sensitive
to compute resources. In contrast, our approach
is training-free: it acquires structured priors via
a one-time offline construction step while main-
taining an acceptable online inference cost. In real-
world applications, under a limited time budget, our
method not only achieves substantial performance
improvements but also produces human-readable
interpretability reports, offering a more favorable
balance between predictive performance and com-
putational cost, and aligning well with resource-
constrained and rapid-deployment educational sce-
narios.

J Parameter Sensitivity

The complete ACC and AUC results of parameter
sensitivity are shown in Fig. 6 and Fig. 7.

K Clustering Analysis

The clustering analysis of all the datasets used
in this paper is shown in the Fig. 8 (for Assist-

Method EG FC TA PU CC Overall

EFKT 2.35 2.41 2.28 2.12 2.50 2.33
CIKT 3.08 3.12 3.01 2.86 3.22 3.06
HISE-KT 4.18 4.23 4.12 4.05 4.31 4.18

MicroC-KTQwen-Plus 4.82 4.86 4.79 4.74 4.90 4.82

Table 7: Human evaluation of analysis report quality on
40 sampled students (10 per dataset) across four datasets.
We evaluate report quality from five dimensions (Evi-
dence Groundedness (EG), Factual Consistency (FC),
Targeted Analysis (TA), Pedagogical Usefulness (PU),
and Clarity and Coherence (CC)). Each dimension is
rated on a 1–5 scale (higher is better), and Overall is
the average over five dimensions. Five experts inde-
pendently rated all reports, with inter-rater agreement
measured by the Cohen’s kappa coefficient κ† = 0.82.

ment09 and Statics2011 datasets) and Fig. 9 (for
DBE-KT22 and Frcsub datasets).

L Quality evaluation of The Analysis
Report

To systematically evaluate the explanation quality
of the analysis reports generated by LLM-based KT
methods, we compare EFKT, CIKT, HISE-KT,
and our MicroC-KT. We conduct a human eval-
uation on reports produced from the four datasets
used in this paper. Specifically, we randomly sam-
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Figure 8: Visualizations of community clustering analysis on Assistment09 and Statics2011.
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Figure 9: Visualizations of community clustering analysis on DBE-KT22 and Frcsub.

ple 10 students from each dataset, resulting in 40
students in total, and collect their corresponding
analysis reports for all compared methods. We in-
vite five computer science graduate students, who
are trained under a unified rubric by a professor,
to independently score the reports. To quantify
inter-rater reliability, we report the Cohen’s kappa
coefficient (denoted as κ†) and obtain κ† = 0.82,
indicating strong agreement among the experts.

L.1 Evaluation Criteria

We adopt a 5-point Likert scale (1-5; higher is bet-
ter) and score each report from five dimensions:
(1) Evidence Groundedness (EG), measuring
whether the key claims and reasoning are clearly
traceable to the provided evidence (e.g., the tar-
get student’s history, community statistics, and in-
community peer comparisons);
(2) Factual Consistency (FC), assessing whether
the report stays faithful to the given inputs with-
out misreading, exaggeration, or unsupported ad-
ditions, especially when referencing concept-level
and group-level statistics;
(3) Targeted Analysis (TA), evaluating whether
the report is specific to the target student and the tar-

get question (and its related concepts or attributes),
rather than generic statements;
(4) Pedagogical Usefulness (PU), measuring
whether the report provides actionable diagnostic
conclusions and concrete learning suggestions (e.g.,
concept-level weaknesses and strategy-level guid-
ance);
(5) Clarity and Coherence (CC), assessing read-
ability and logical organization, i.e., whether the
report presents a coherent chain from evidence to
analysis and then to conclusions or suggestions.
We additionally report an Overall score, computed
as the average of the five dimensions.

L.2 Results and Discussion

Tab. 7 summarizes the human evaluation results.
Overall, EFKT receives the lowest scores, suggest-
ing that reports relying on sparse individual evi-
dence tend to be less grounded and less actionable.
CIKT improves over EFKT, indicating that itera-
tive profile generation can enhance structure and
consistency to some extent. HISE-KT further sur-
passes CIKT, benefiting from richer structured evi-
dence organization. Finally, MicroC-KT achieves
the best performance across all dimensions, with
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Figure 10: More details in case study. The figure shows the natural-language summary of the target student, the
natural-language summary of the matched learning community, and the detailed analysis report generated from
these evidence sources for KT prediction.

particularly clear advantages in evidence ground-
edness and factual consistency, demonstrating that
learning micro-environment references and peer-
contrast evidence provide more verifiable and sta-
ble support for LLM reasoning, thereby improving
explanation reliability and pedagogical utility.

M Detailed Natural-Language
Summaries in Case Study

In Fig. 10, we present the natural-language sum-
maries of the target student and the matched learn-
ing community, together with a detailed analysis
report generated based on these evidence sources to
illustrate the inference process and final prediction.

N Prompt Templates for Summaries
Generation

N.1 Prompt Template for Students’ Natural
Language Summaries Generation

Prompt templates for students’ natural language
summaries generation as shown in Fig. 11.

N.2 Prompt Template for Communities’
Natural Language Summaries
Generation

Prompt templates for communities’ natural lan-
guage summaries generation as shown in Fig. 12.

O Prompt Templates for KT Prediction
and Analysis Report Generation

Prompt templates for KT prediction and analysis
report generation as shown in Fig. 13 and Fig. 14.
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System Message:

You are a rigorous educational data analysis assistant. Given historical statistics for a single student in JSON format 

before attempting the current target question, write a concise English natural-language summary.

Key rules: 

1) Strictly use ONLY the facts provided in the JSON. Do NOT fabricate any new numbers, details, or conclusions.

2) If some fields are missing or marked as NA, ignore them and do not guess their values.

3) Output exactly ONE English paragraph of about 150 English characters (multiple sentences allowed). Do NOT use 

bullet lists, numbered lists, or headings.

4) Focus on the student’s overall level and behavior patterns, rather than enumerating every skill ID one by one.

5) The summary will be used as context for a downstream knowledge tracing prediction. 

Emphasize predictive structural cues such as ability level, overall accuracy, performance on the target skill and (if 

available) the target question, performance differences across difficulty and discrimination categories, and which 

skills are relatively strong / medium / weak in aggregate.

User Prompt Template:

Below are the historical statistics for a student before attempting the current target question in the test set

(in JSON format). The fields are defined as follows:

 · user_id: Student ID

 · theta_norm: Normalized ability score in [0,1]; larger means stronger ability

 · ability_level: Ability level (low/medium/high)

 · acc_overall: Overall accuracy over historical answered events

 · target_question_id: ID of the current target question

 · target_skill_id: Main knowledge concept ID of the target question

 · target_skill_acc: Historical accuracy on the target skill (history only)

 · target_question_acc: If the student has answered the same target question in history, this is the historical accuracy; 

if never seen, it is missing/NA

 · difficulty_norm / discrimination_norm: Normalized difficulty / discrimination of the target question

 · difficulty_level / discrimination_level: Difficulty / discrimination level (low/medium/high)

 · acc_by_diff_cat: Accuracy and number of events in difficulty categories (low/medium/high)

 · acc_by_disc_cat: Accuracy and number of events in discrimination categories (low/medium/high)

 · acc_by_skill: Accuracy and number of events for each skill (full set; do not enumerate one-by-one)

Based on these data, please write a ``student historical summary'' in English. Requirements:

 · Global profile: describe the student's overall ability using theta_norm and ability_level, and report acc_overall.

 · Target mastery: describe mastery of target_skill_id using target_skill_acc, and coarsely categorize it as strong / 

medium / weak (e.g., >0.6 is strong, around 0.5 is medium, <0.4 is weak). If target_question_acc exists, mention it 

briefly; if missing, ignore it.

 · Difficulty/discrimination behavior: summarize performance differences across difficulty levels and discrimination 

levels in natural language, rather than listing raw numbers.

 · Skill distribution: using acc_by_skill, summarize in aggregate which skills are relatively strong/average/weak, 

without enumerating every skill ID.

 · Do not provide teaching suggestions; only describe observed learning state and behavior patterns useful for 

predicting the next response.

 · Output exactly one English paragraph (no lists or bullet points).

 · Keep the summary concise: output about 150 characters in a single English paragraph.

 · Return the result strictly in JSON format: {``user_id'': <string>, ``summary'': <string>}.

=== STUDENT JSON START ===

{STUDENT_JSON}

=== STUDENT JSON END ===

Figure 11: Prompt template for students’ natural language summaries generation.
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System Message:

You are a rigorous educational data analysis assistant. Given statistical information of a learning community in JSON 

format, you must write a concise natural-language summary in English.

Key rules:

1) Strictly use ONLY the facts contained in the provided JSON. Do NOT fabricate any new numbers or conclusions.

2) If some fields are missing or marked as NA, simply ignore them and do not guess their values.

3) Output a single English paragraph of about 150 English characters. Multiple sentences are allowed, but do not use 

bullet lists, numbered lists, or headings.

4) The summary should highlight the overall level and behavioral patterns of the community, rather than enumerating 

every knowledge concept ID one by one.

5) The text will later be used as context for knowledge tracing prediction. 

Please emphasize structural information that is useful for prediction, such as: overall ability level of the community, 

overall accuracy, differences in performance on easy/medium/hard questions and on questions with different 

discrimination levels, and which knowledge concepts are relatively strong or weak.

User Prompt Template:

Below is the statistical information of a learning community in JSON format. The fields have the following 

approximate meanings:

 · cluster_id: ID of the community

 · n_users: number of students in the community

 · n_events: number of answer events after eventization

 · cluster_theta_mean: mean IRT ability value

 · cluster_theta_mean_norm: mean ability value after normalization to [0,1]

 · cluster_ability_level: ability level (e.g., low/medium/high, indicating the overall ability is low/medium/high)

 · cluster_acc_overall: overall accuracy of the community

 · acc_by_diff_cat: accuracy and event count for each difficulty bucket (low/medium/high)

 · acc_by_disc_cat: accuracy and event count for each discrimination bucket (low/medium/high)

 · acc_by_skill: accuracy and event count for each knowledge concept (includes ALL concepts, no truncation)

Please read ALL the statistics carefully and write ONE English paragraph summarizing the community. 

Requirements:

 · First give an overall characterization of this community, including: number of students, overall ability level 

(explain the ability value and ability level in natural language; you do NOT need to mention the original raw IRT 

value; directly say the normalized ability is X and belongs to high/medium/low level), overall accuracy, and the main 

differences in performance on easy / medium / hard questions and on questions with different discrimination levels. 

You do NOT need to mention the total number of historical answer events.

 · Use the full information in acc_by_skill to summarize in a high-level way which knowledge concepts are generally 

strong, which are average, and which are weak in this community. For example, you may roughly regard accuracy 

>0.60 as strong, around 0.50 as average, and <0.40 as weak. The goal is to capture the typical cognitive 

characteristics and learning patterns of the students in this community, not to list every concept ID explicitly.

 · Do NOT give teaching suggestions; only describe phenomena and patterns. For example: ``the accuracy on hard 

questions is clearly lower than on easy questions'' or ``for some high-difficulty concepts, the error rate is relatively 

high''.

 · Output exactly ONE paragraph of natural-language English text. Do NOT use bullet lists, numbered lists, or any 

headings.

 · The paragraph should be about 150 English characters.

 · Finally, return your answer in JSON format as: {``cluster_id'': <int>, ``summary'': <string>}, where summary is 

that single English paragraph.

=== COMMUNITY JSON START ===

{COMMUNITY_JSON}

=== COMMUNITY JSON END ===

Figure 12: Prompt template for communities’ natural language summaries generation.
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System Message:

You are an expert in knowledge tracing and educational data mining.

You will receive an integrated description that includes:

(1) the target student's profile and answering history on the TARGET knowledge concept set,

(2) the upcoming question and its difficulty and discrimination parameters,

(3) the assigned learning community (micro-environment) and its overall performance on the TARGET knowledge 

concept set and the upcoming question,

(4) a small set of similar students within the same community and their performance on the TARGET knowledge 

concept set and the upcoming question.

Based on the provided information, you must predict the probability that the student will answer the upcoming 

question correctly.

The probability MUST denote the likelihood of answering CORRECTLY:

0.00 means certainly wrong, and 1.00 means certainly correct.

Values greater than 0.5 indicate CORRECT; values less than 0.5 indicate WRONG.

You MUST follow the output format specified by the user.

Do not output anything other than the requested JSON.

If the user requests an explanation, append a short English explanation after the JSON and keep it within 4--6 

sentences.

User Prompt Template:

The value range of student ability, question difficulty, and question discrimination is [0,1].

Information of the TARGET STUDENT:

· Student ID: U143.

· Student ability (normalized): 0.62 (higher means stronger ability).

· Overall accuracy on past records (before the upcoming question): 0.58.

· Accuracy on the TARGET KC set:

· Accuracy on TARGET KC (KC_12): 0.60.

· Accuracy on TARGET KC (KC_27): 0.45.

· Natural-language summary of the TARGET STUDENT (generated from statistics): The student shows medium-to-

high normalized ability (0.62) with overall accuracy 0.58. Mastery is relatively stronger on KC_12 (0.60) but weaker 

on KC_27 (0.45), suggesting uneven concept-level performance. Errors occur more frequently when questions 

involve the harder concept, indicating potential vulnerability under higher difficulty ......

Information of the UPCOMING QUESTION:

· Question ID: Q8041.

· TARGET KC set: (KC_12, KC_27).

· Difficulty (normalized): 0.68 (higher means more difficult).

· Discrimination (normalized): 0.57 (higher means stronger discrimination).

· Difficulty level: high.

· Discrimination level: medium.

TARGET STUDENT's answering history on the TARGET KC set (earliest to latest):

· Question IDs: {Q1023, Q3310, Q1440, Q2197, Q5076, Q6102, Q7021, Q7705}.

· KC IDs per question (parentheses indicate multi-KC): {(KC_12), (KC_12,KC_27), (KC_27), (KC_12), (KC_27), 

(KC_12,KC_27), (KC_12), (KC_27)}.

· Difficulty (normalized): {0.42, 0.55, 0.63, 0.48, 0.70, 0.66, 0.52, 0.61}.

· Discrimination (normalized): {0.46, 0.53, 0.58, 0.49, 0.60, 0.57, 0.51, 0.55}.

· Answering results: {correct, wrong, wrong, correct, wrong, correct, correct, correct}.

Figure 13: Prompt templates for KT prediction and analysis report generation (1).
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Information of the ASSIGNED LEARNING COMMUNITY (micro-environment):

· Community (cluster) ID: 17.

· Community ability mean (normalized): 0.55.

· Community ability level: medium.

· Community accuracy (overall): 0.56.

· Community accuracy on the TARGET KC set:

· Community accuracy on TARGET KC (KC_12): 0.61.

· Community accuracy on TARGET KC (KC_27): 0.48.

· Community accuracy on the upcoming question Q8041: 0.52.

· Natural-language summary of this COMMUNITY (generated from statistics): This community shows medium 

overall ability (0.55) with overall accuracy 0.56. Performance is relatively better on KC_12 (0.61) than on KC_27 

(0.48), and accuracy tends to drop on higher-difficulty questions, indicating a consistent difficulty-sensitive pattern 

across members ... ...

Information of similar students within the SAME COMMUNITY:

We provide Top-K similar students, where K=3.

· Similar student 1:

· Similar student ID: S052.

· Ability (normalized): 0.64.

· Accuracy on TARGET KC (KC_12): 0.62; Accuracy on TARGET KC (KC_27): 0.50.

· Accuracy on the upcoming question Q8041 (historical): 0.55.

· Similar student 2:

· Similar student ID: S311.

· Ability (normalized): 0.59.

· Accuracy on TARGET KC (KC_12): 0.58; Accuracy on TARGET KC (KC_27): 0.46.

· Accuracy on the upcoming question Q8041 (historical): 0.50.

· Similar student 3:

· Similar student ID: S877.

· Ability (normalized): 0.57.

· Accuracy on TARGET KC (KC_12): 0.60; Accuracy on TARGET KC (KC_27): 0.44.

· Accuracy on the upcoming question Q8041 (historical): 0.49.

· Aggregate statistics of similar students:

· Average accuracy on TARGET KC (KC_12): 0.60.

· Average accuracy on TARGET KC (KC_27): 0.47.

· Average accuracy on the upcoming question Q8041: 0.51.

Guidelines for judging:

· Consider the target student's answering history on the TARGET KC set.

· Consider the student's overall accuracy and KC-specific accuracy on past records.

· Consider the IRT difficulty and discrimination of past questions and the upcoming question.

· Consider the community's overall level and its performance on the TARGET KC set and the upcoming question.

· Consider how similar students in this community perform on the TARGET KC set and the upcoming question.

Question: Will the learner answer question Q8041 correctly?

The probability means the chance of CORRECT.

· 0.00 is certainly wrong; 1.00 is certainly correct.

· Probability >0.5 means CORRECT; probability <0.5 means WRONG.

Respond ONLY with the following JSON:

{``prediction'': ``CORRECT'' or ``WRONG'', ``probability'': 0.00~1.00}

After the JSON, write a short English explanation in 4--6 sentences.

Your explanation must explicitly mention:

(1) the community the student belongs to and its overall characteristics,

(2) the community's performance on the TARGET KC set and the upcoming question,

(3) the performance of similar students on the TARGET KC set and the upcoming question,

(4) how the target student compares with the community and similar students,

(5) your final reasoning for the prediction.

Figure 14: Prompt templates for KT prediction and analysis report generation (2).
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