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Abstract

Specializing Large Language Models for educational do-
mains is a key frontier in creating personalized learning
tools. The central challenge is not data scarcity but its abun-
dance: efficiently selecting a curated data subset from vast
corpora to enhance specialized skills and foster generaliza-
tion, without degrading existing abilities. Existing data se-
lection paradigms, relying on superficial semantic similarity
or model training dynamics, often lack a principled frame-
work to identify data that promotes true cognitive growth.
Our work proposes a paradigm shift from leveraging indi-
rect proxies of learning value, such as semantic similarity and
training dynamics, towards a framework that performs a di-
rect, cognitive-level modeling of the learner’s state. We intro-
duce CASS, a novel framework that implements this cogni-
tive approach through a clear pipeline, moving from an ini-
tial Diagnosis to the ultimate goal of expanding the model’s
cognitive frontier. First, CASS diagnoses the LLM’s cogni-
tive frontier using Multidimensional Item Response Theory.
Leveraging this diagnosis, it then employs Fisher Information
to select a data subset situated at LLM’s cognitive frontier
that offers maximum informational gain. Finally, the model
is fine-tuned on this curated data using a structured, easy-
to-hard curriculum to ensure effective learning. Experiments
on our new multi-subject dataset show that models trained
with CASS not only achieve superior accuracy in the target
domain but also exhibit enhanced generalization. CASS pro-
vides a more efficient, effective, and theoretically-grounded
paradigm for building expert educational LLMs.

Code — https://github.com/Guoyxustc/CASS
Data — https://huggingface.co/datasets/guoyx18/EduData

Introduction
The development of Educational Large Language Models
has opened new frontiers in personalized learning (Magh-
sudi et al. 2021; Liu et al. 2024). Currently, a common ap-
proach is to fine-tune these models on isolated subject do-
mains, enabling high proficiency in specific areas (Wang
et al. 2024). However, to meet the evolving demands of in-
telligent education in a new era, there is a growing need
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for models that can move beyond single-domain exper-
tise (Pratama, Sampelolo, and Lura 2023). For instance, an
LLM fine-tuned specifically for mathematics may struggle
with a physics problem that requires synthesizing concep-
tual physics with the procedural application of trigonome-
try. Fostering the ability to bridge these domains is essential,
as it aligns with a core principle of human learning. Foun-
dational cognitive science holds that the ability to transfer
knowledge across domains is the very defining character-
istic of deep understanding, distinguishing genuine compre-
hension from the superficial retrieval of facts (Bransford and
Schwartz 1999; Bransford et al. 2000). Therefore, equipping
educational LLMs with cross-scenario cognitive generaliza-
tion is the key pathway to developing systems that exhibit
higher-order thinking and fulfill the true promise of next-
generation intelligent education.

Achieving such generalization is challenging. Naively
fine-tuning on a mixture of the combined data from all
domains is not only computationally prohibitive but can
also degrade performance due to task interference (Wang
et al. 2023). A more feasible and effective approach is to
strategically select a high-impact data subset from a vast
auxiliary pool. Current data selection techniques predomi-
nantly fall into two categories: Representation-based meth-
ods, which assess data relevance through semantic similar-
ity in an embedding space (Ivison et al. 2023; Xie et al.
2023), and Training dynamics-based methods, which lever-
age model feedback like gradients or loss values to assess
sample importance (Xia et al. 2024; Killamsetty et al. 2021;
Swayamdipta et al. 2020).

However, both mainstream paradigms exhibit significant
limitations when the goal is to cultivate true cognitive
generalization. To illustrate, consider the goal of teach-
ing a specialized Math LLM to solve physics problems.
Representation-based methods, which rely on semantic sim-
ilarity, might select physics problems laden with equa-
tions simply because their textual features resemble com-
plex math problems. This approach often fails because such
superficial similarity overlooks the need for foundational
physics concepts (e.g., force, mass, acceleration), which are
the true building blocks for new understanding. Similarly,
training dynamics-based methods, which are computation-
ally expensive, gradient-dependent, and often mistake train-
ing noise for learning value, might identify a problem as
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hard merely due to its intricate calculations, not its core
physical principles. Such noisy signals fail to reflect the
intrinsic learning value of data, conflating computational
difficulty with the conceptual novelty needed for cognitive
growth. Consequently, existing paradigms, whether chasing
surface features or noisy training signals, fail to address the
core challenge: selecting data that truly expands a model’s
cognitive boundaries. They cannot distinguish between a
physics problem that merely practices existing math skills
and one that teaches the foundational knowledge required to
form a new cognitive frontier.

To overcome these limitations, we argue for a paradigm
shift: instead of relying on such indirect proxies, we must di-
rectly model the LLM’s cognitive state. We introduce CASS
(Cognitive Adaptive Selection Strategy), a novel framework
that implements this vision. CASS systematically tackles
two fundamental challenges: (1) How to accurately diagnose
the latent cognitive state of an LLM, and (2) How to quan-
tify a data point’s informational value from a purely cogni-
tive perspective. Our solution is a three-stage pipeline. First,
CASS employs a cognitive diagnosis by combining Multidi-
mensional Item Response Theory (MIRT) (Reckase 2006),
a sophisticated model from human psychometrics that as-
sesses both student abilities and question characteristics,
with Behavioral Probing (Ribeiro et al. 2020; Li et al. 2024),
a technique that ensures the model’s responses reflect true
understanding rather than superficial shortcuts. This pro-
vides a robust, quantifiable assessment of the LLM’s cogni-
tive frontiers. Second, guided by this diagnosis, CASS em-
ploys an adaptive selection strategy based on Fisher Infor-
mation (Ly et al. 2017). This information-theoretic principle
allows it to precisely select a data subset that offers maxi-
mum cognitive information gain—specifically, by prioritiz-
ing data points where the model is most uncertain, which
lie at the very edge of its current capabilities. Finally, the
model is fine-tuned on this curated data using a structured,
easy-to-hard curriculum (Bengio et al. 2009) to ensure ef-
fective assimilation. Overall, the main contributions of our
work can be summarized as follows:

• A New Paradigm for Data Selection. We introduce and
formalize a new data selection paradigm rooted in direct
cognitive diagnosis, breaking from the reliance on indi-
rect proxies. Our approach is implemented in a gradient-
free framework that, by leveraging MIRT, enables robust
cognitive profiling even for black-box LLMs.

• An Information-Theoretic Principle for Generaliza-
tion. We introduce a principled method to expand an
LLM’s cognitive boundaries by maximizing information
gain. Concretely, we are the first to apply Fisher Infor-
mation in this context to quantify the cognitive value
of data, providing a theoretically-grounded alternative to
heuristic-based selection.

• A New Benchmark and State-of-the-Art Results. To
facilitate research on this important problem, we con-
struct and release EduData, a large-scale, multi-subject
dataset. On this benchmark, our CASS framework es-
tablishes a new state-of-the-art, demonstrating significant
gains over strong baselines.

Related Works
Data Selection for Targeted Skill Enhancement
In the current data-rich landscape, directly training models
with massive, mixed datasets not only incurs high computa-
tional costs but may also impair the model’s specialized ca-
pabilities due to inter-task interference (Wang et al. 2023).
Consequently, the problem of data subset selection has gar-
nered extensive research attention (Albalak et al. 2024), as
it offers a path to efficiently enhance domain-specific abil-
ities while preserving generalization. A key strategy in this
area involves identifying the most beneficial supplementary
auxiliary data from vast corpora for targeted fine-tuning.

Existing data selection techniques can be roughly catego-
rized into two main streams. The first, representation-based
methods, evaluates data by analyzing text embeddings to
measure relevance or diversity (Ivison et al. 2023; Xie et al.
2023). Their core limitation is the assumption that semantic
similarity is a reliable proxy for learning utility, which often
fails in complex educational domains. The second, more so-
phisticated stream uses training dynamics, leveraging model
feedback like loss or gradient variations to assess sample im-
portance (Xia et al. 2024; Chen et al. 2023; Killamsetty et al.
2021). A key inspiration for our work is the Dataset Car-
tography framework (Swayamdipta et al. 2020), which also
seeks to identify data that is truly valuable for generaliza-
tion. By tracking training dynamics, it finds that ambiguous
samples—not necessarily the hardest ones—are most cru-
cial for OOD performance. However, this approach is lim-
ited because its reliance on cognitively-agnostic signals of-
ten conflates items that are difficult due to superficial rea-
sons (such as noise or poor formatting) with those that are
genuinely valuable for expanding the model’s reasoning ca-
pabilities. In contrast, our CASS framework diverges from
both paradigms. We directly evaluate the cognitive informa-
tion gain of data, providing a more direct solution to finding
items that enhance generalization.

A Cognitive Science Perspective on LLM
Evaluation and Training
LLMs are trained on vast amounts of human language and
accumulated knowledge, which inevitably leads them to in-
ternalize cognitive patterns similar to humans. This theo-
retical inference is increasingly supported by empirical evi-
dence (Niu et al. 2024). Research shows that LLMs not only
exhibit neural representations and predictive behaviors sim-
ilar to the human brain in language processing tasks (Mis-
chler et al. 2024; Tuckute, Kanwisher, and Fedorenko 2024)
but also replicate human-specific cognitive effects in higher-
order tasks such as logical reasoning and even cross-modal
sensory judgments (Shaki, Kraus, and Wooldridge 2023;
Marjieh et al. 2024). This profound similarity, which spans
the behavioral to neural levels, provides a solid theoretical
foundation for researchers to understand, evaluate, and even
optimize LLMs from the perspective of cognitive science.

Researchers have recently demonstrated the effectiveness
of migrating cognitive science tools originally designed for
human assessment into the LLM domain (Dong et al. 2025),
demonstrating their effectiveness. Among these, psychome-
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tric models (Liu et al. 2019; Wang et al. 2022; Zhang et al.
2024) represented by Item Response Theory (Hambleton
and Swaminathan 2013) have been particularly prominent.
This technique has been successfully applied to build bench-
marks with higher information efficiency (Polo et al. 2024;
Zhuang et al. 2025) and to significantly reduce the computa-
tional cost of complex tasks like model merging (Mencattini
et al. 2025). These cutting-edge works demonstrate that IRT
is not only an effective tool for evaluating LLMs but also
a reliable means for passively evaluating and precisely di-
agnosing their capability boundaries. However, we believe
their true potential lies not in passive evaluation, but in ac-
tively shaping the learning process. Our work takes this cru-
cial next step, establishing a new paradigm for cognitively-
guided LLM training. We re-envision Item Response The-
ory, transforming it from a post-training analysis tool into a
proactive mechanism for training data selection. We lever-
age its diagnostic power to identify and select data situ-
ated at the model’s cognitive frontier—data points that offer
the greatest learning value—providing a more theoretically
grounded solution to the core challenge of cross-domain
generalization.

Proposed Method
A central challenge in specializing Educational LLMs is se-
lecting a curated data subset that efficiently expands their
cognitive abilities. We address this by proposing CASS
(Cognitive Adaptive Selection Strategy), a framework that
reframes data selection through the cognitive science per-
spective. Our proposed CASS framework follows a three-
stage pipeline encompassing cognitive diagnosis, data se-
lection, and curriculum-based fine-tuning, as visualized in
Figure 1.

Problem Definition
Let Mspec be a Large Language Model that is already spe-
cialized in a target knowledge domain, denoted as KT . We
are given a large, auxiliary data pool Daux = {(xi, yi)}Ni=1,
which consists of N question-answer pairs from various
knowledge domains that are distinct from KT . We are also
given a selection budget k, representing the desired size of
our training subset, where k ≪ N .

Our primary task is to formulate an optimal data selec-
tion strategy, denoted by a function π, which selects a subset
Dselect ⊂ Daux of size k.

Dselect = π(Mspec,Daux, k) (1)

The final model, Mfinal, is obtained by further fine-
tuning Mspec on the selected subset Dselect. The objective
is to find a selection strategy π∗ that maximizes the per-
formance of Mfinal. Specifically, we aim to enhance both
its proficiency within the target domain (in-domain perfor-
mance) and, more critically, its ability to generalize to dif-
ferent knowledge domains (out-of-domain generalization).

Cognitive Diagnosis
Behavioral Probing To reliably diagnose the cognitive
state of an educational LLM, we must look beyond tradi-

tional evaluation metrics. Methods that solely rely on scor-
ing accuracy are vulnerable to the model exploiting superfi-
cial shortcuts, such as positional bias, which masks its true
reasoning capabilities. To address this, we adopt a Behav-
ioral Probing process, inspired by the principles of behav-
ioral testing in NLP (Ribeiro et al. 2020; Li et al. 2024). This
process assesses the model’s robustness and depth of un-
derstanding by systematically perturbing non-core features
of each test item. Our implementation of this probing in-
volves three specific perturbations: (1) Option Content Per-
mutation, shuffling the text of multiple-choice options; (2)
Option ID-Character Shift, applying a Caesar-like shift to
option identifiers (e.g., A, B → U, V); and (3) Question-
Options Position Swap, presenting the options before the
question stem. To estimate the cognitive properties of the
items within our entire training dataset, we first conduct the
Behavioral Probing process across this dataset. The resulting
response scores form our input for the subsequent parameter
estimation step, where each score yui is the average of the
binary outcomes from four trials: one on the original item
and three on its perturbed variants.

Cognitive Parameter Estimation with MIRT To accu-
rately model the cognitive state of the educational LLM
and the cognitive characteristics of items, we employ the
Multidimensional Item Response Theory (MIRT) model.
MIRT is a sophisticated psychometric framework that ex-
tends classical Item Response Theory (IRT) by positing
that performance on a task is governed not by a single la-
tent ability, but by a vector of multiple cognitive skills.
This higher-dimensional representation gives MIRT a signif-
icantly greater modeling capacity, making it exceptionally
well-suited for capturing the complex, multifaceted cogni-
tive states of educational LLMs. In our work, we utilize the
2-Parameter Logistic variant of the MIRT model.

The 2PL-MIRT model formalizes the probability of a
model u correctly answering an item i as follows:

P (yui = 1|θu, ai, bi) =
1

1 + exp(−(⟨ai, θu⟩ − bi))
(2)

The key cognitive parameters within this model are:
• Cognitive Status (θu): A latent vector in Rd that repre-

sents the cognitive profile of model u across d different
latent dimensions or skills.

• Discrimination (ai): A vector in Rd that indicates how
effectively item i can differentiate between models.

• Difficulty (bi): A scalar value in R that represents the
overall difficulty of item i. A higher value indicates a
more challenging item.

With the model defined, we then estimate the cognitive
parameters Θ = {θu, ai, bi} using the response scores yui
from the previous step. The estimation is achieved by opti-
mizing the Mean Squared Error (MSE) loss on the training
data Dtrain, which seeks to find the parameters Θ̂ that min-
imize the difference between the observed scores and the
model’s predictions. This optimization problem is formally
defined as:

Θ̂ = argmin
Θ

∑
(u,i)∈Dtrain

(yui − p̂ui(Θ))
2 (3)
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Cognitive Diagnosis Data Selection Stratified Fine-Tuning
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Figure 1: An overview of our proposed CASS framework. CASS first performs a cognitive diagnosis by applying Multidimen-
sional Item Response Theory to an Educational LLM’s responses from a behavioral probing task. This step simultaneously
estimates both the LLM’s latent cognitive status (θu) and the key attributes of each data item, such as its difficulty (b̂i) and dis-
crimination (âi). Guided by this comprehensive diagnosis, the framework then uses Fisher Information to select a data subset
that offers maximum information gain. Finally, the model is fine-tuned on this information-rich subset using an easy-to-hard
curriculum, resulting in a cognitively enhanced LLM.

where p̂ui(Θ) represents the probability predicted by the
2PL-MIRT model for model u on item i using the pa-
rameter set Θ. These resulting parameters—the estimated
model proficiency θ̂u and the calibrated item characteris-
tics (âi, b̂i)—form the quantitative foundation for our sub-
sequent information-theoretic data selection.

Data Selection via Fisher Information
Our next goal is to select a data subset that is maximally
informative for refining the model’s cognitive state, θu. To
achieve this, we employ Fisher Information to quantify the
informational value of each item.

Theoretical Justification for Fisher Information Our
primary goal is to select data points that offer maximum
informational gain relative to the model’s current cognitive
state. The Cramér-Rao Lower Bound (CRLB), a fundamen-
tal result in estimation theory, provides the basis we need.
It connects the precision of any unbiased estimator, θ̂u, to
the Fisher Information Matrix, I(θu), thereby allowing us
to quantify informational gain:

Cov(θ̂u) ≥ I(θu)−1 (4)

This inequality reveals that the Fisher Information Matrix,
I(θu), sets the theoretical limit on the best possible preci-
sion for our cognitive diagnosis—a smaller estimation vari-
ance is only possible with larger Fisher Information. There-
fore, maximizing Fisher Information is the most principled
way to select data, as it simultaneously maximizes the quan-
tifiable information gain and, as a direct result, yields the
most precise cognitive diagnosis.

Derivation for the 2PL-MIRT Model We derive the
Fisher Information for item i with respect to the model’s
cognitive state θu, denoted as Ii(θu). The derivation be-
gins with the log-likelihood function, L(θu), for a single re-
sponse:

L(θu) = yui logPui + (1− yui) log(1− Pui) (5)

where Pui is the probability of a correct response from
Equation (2).

The Fisher Information is the negative expectation of the
Hessian matrix H(θu) of this log-likelihood function.

H(θu) =
∂2L

∂θu∂θTu
= −Pui(1− Pui)aia

T
i (6)

Since the Hessian does not contain the random variable yui,
the expectation is trivial. This yields the Fisher Information
for item i:

Ii(θu) = −E[H(θu)] = Pui(1− Pui)aia
T
i (7)

The term Pui(1 − Pui) is the response variance, which is
maximized when Pui ≈ 0.5. This confirms that the greatest
information gain comes from items where the model is most
uncertain—precisely at its cognitive frontier.

Application to Data Selection The result of our deriva-
tion, the Fisher Information Ii(θu), is a d×d matrix for each
item. To create a scalar value for ranking, we employ the
D-optimality criterion from optimal design theory (Atkin-
son 2011). We define the information score for each item
i ∈ Daux as the determinant of its Fisher Information matrix,
computed using the parameters (θ̂u, âi, b̂i) from our diagno-
sis step:

score(i) = det(Ii(θ̂u)) (8)

Maximizing this determinant is geometrically equivalent to
minimizing the volume of the confidence ellipsoid for the
parameter estimate θ̂u, thus ensuring a precise diagnosis.

We then rank all items by this score and select the top-
k items to form our curated subset, Dselect. This selection
process is formally expressed as:

Dselect = Top-ki∈Daux
(score(i)) (9)

where the Top-k operator returns the set of k items from the
auxiliary pool that have the highest information scores.
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Stratified Fine-Tuning with Adaptive Curriculum
Having curated an information-rich data subset, Dselect,
simply fine-tuning in a random order would neglect the cru-
cial cognitive insights from our diagnosis, particularly the
estimated item difficulty bi. A random mix of difficulties
can lead to unstable training and hinder the development of
robust knowledge. Therefore, inspired by Curriculum Learn-
ing (Bengio et al. 2009), we introduce a stratified fine-tuning
strategy. Presenting data in a structured, easy-to-hard cur-
riculum based on cognitive difficulty not only emulates ef-
fective learning but also allows for a steady and stable pro-
gression of the model’s capabilities.

This adaptive curriculum is implemented in two phases.
First, we group the data by partitioning Dselect into K dis-
tinct groups based on the difficulty parameter bi. For in-
stance, with K = 3, we create three groups: Foundational
(easiest items), Transitional (items of moderate difficulty),
and Advanced (most challenging items).

Second, we perform staged fine-tuning, training the LLM
sequentially through these ordered groups. The process be-
gins with the Foundational data, continues with the Transi-
tional data using the previously trained adapters, and con-
cludes with the Advanced data.

This staged, curriculum-based approach is superior to
naive fine-tuning because it emulates a more natural learn-
ing trajectory. By mastering simpler concepts before tack-
ling complex ones, the model can build more stable and gen-
eralizable internal representations, ensuring the cognitively-
selected data is assimilated in the most effective manner.

Experiments
In this section, we conduct experiments to address the fol-
lowing four research questions:
RQ1: How does CASS compare to existing task specific
state-of-the-art data selection methods in simultaneously en-
hancing an LLM’s in-domain expertise and its cross-domain
generalization capabilities?
RQ2: What is the impact of each key component within
CASS?
RQ3: How does the performance of CASS vary with differ-
ent data selection ratios, and is its effectiveness consistent
across different academic subjects?

Experimental Setup
Datasets Existing educational datasets are often mono-
lithic, lacking the high-quality, multi-subject data necessary
for developing and evaluating Large Language Models in
complex, practical teaching scenarios. To bridge this gap, we
introduce EduData, a new high-quality, multi-subject dataset
designed for academic research. EduData consists of 98,000
challenging high-school-level problems curated from mock
and college entrance examinations across seven distinct aca-
demic subjects (e.g., Mathematics, Physics, History). After
a rigorous filtering process to remove items with images or
incomplete solutions, each subject contains 14,000 single-
choice questions. For each subject, the data is split into a
training set of 10,000 and a test set of 4,000 questions, re-
spectively.

Evaluation Protocol and Metrics The effectiveness of
our data selection strategy is evaluated based on the ac-
curacy of the fine-tuned models on held-out test datasets,
which is the most direct metric of performance in the ed-
ucational domain. To provide a comprehensive assessment,
our evaluation is structured around two key settings designed
to measure both specialized proficiency and generalization:
In-domain Performance: For a given target subject (e.g.,
Mathematics), this is the model’s accuracy on the test set
of that same subject. This metric assesses the model’s mas-
tery of the specialized domain. Out-of-domain Generaliza-
tion: This is the model’s average accuracy across the test
sets of all other subjects. This metric directly quantifies the
model’s ability to transfer learned skills to new, unseen do-
mains. This dual-evaluation setup allows us to directly test
the model’s cross-scenario generalization capabilities.

Backbone models and baselines We evaluated a variety
of subset selection methods on five representative backbone
models for task-specific fine-tuning. The methods are de-
scribed as follows:
LESS (Xia et al. 2024): This method utilizes a gradient-
based approach to select informative samples for fine-
tuning. It identifies data points that offer the highest infor-
mation gain, ensuring an effective selection process.
DSIR (Xie et al. 2023): DSIR is a lightweight method that
assigns importance weights to source instances based on
their n-gram overlap with the target task, and then constructs
the training subset via importance resampling.
DEFT-Few (Ivison et al. 2023): This technique involves
using a universal encoder to generate embeddings for all
datasets. A K-Nearest Neighbors (KNN) algorithm is then
employed to sample the k most similar examples from a gen-
eral pool to construct an auxiliary dataset tailored for each
target task.
BM25 (Robertson, Zaragoza et al. 2009): We also compared
our method against BM25, a classical information retrieval
algorithm that uses the target task’s examples as queries to
rank source instances by lexical relevance and select the top-
k matches.
Random Selection: As the most straightforward baseline,
this method involves randomly sampling a subset of data
from the general training pool for instruction fine-tuning.

Implementation Details Our experimental procedure be-
gins by establishing a specialized baseline model for each
subject via initial fine-tuning. Specifically, we fine-tune the
base LLM solely on the training data of a single target
subject. This crucial first step creates a controlled and fair
starting point for all methods, allowing us to isolate and
accurately measure the subsequent improvements in cross-
domain generalization. The training sets of all other six sub-
jects then serve as the auxiliary data pool for CASS. The
CASS pipeline is then applied to this pool to select a cogni-
tively optimal subset for enhancing generalization, proceed-
ing as follows:

To diagnose the cognitive state of the specialized model
and the attributes of the data in the training set (e.g., dif-
ficulty, discrimination), we first obtain response data from
the cohort of subject-specific LLMs established in our initial

21526



Base Model Datasets # Samples
Methods

Base Random BM25 DEFT DSIR LESS CASS

LLaMA3-8B
In-domain 4,000 0.6476 0.6518 0.6534 0.6494 0.6572 0.6651 0.6770
Out-of-domain 24,000 0.5286 0.5489 0.5476 0.5571 0.5307 0.5580 0.5779
Overall 28,000 0.5457 0.5633 0.5622 0.5710 0.5478 0.5724 0.5899

Qwen2.5-1.5B
In-domain 4,000 0.7360 0.7419 0.7462 0.7430 0.7468 0.7501 0.7563
Out-of-domain 24,000 0.7130 0.7208 0.7233 0.7189 0.7194 0.7216 0.7325
Overall 28,000 0.7163 0.7237 0.7262 0.7223 0.7228 0.7257 0.7356

Qwen2.5-7B
In-domain 4,000 0.8788 0.8840 0.8763 0.8794 0.8817 0.8850 0.8879
Out-of-domain 24,000 0.8651 0.8691 0.8654 0.8767 0.8692 0.8733 0.8864
Overall 28,000 0.8671 0.8712 0.8669 0.8770 0.8710 0.8750 0.8866

Table 1: Main performance comparison on the EduData benchmark across three backbone models. The results for each back-
bone model represent the average performance across seven separate fine-tuning experiments, where each experiment special-
ized the model on one of the seven subjects. All results are based on fine-tuning the backbone models on a 10% data subset
selected by each method. The top-performing method is bolded, and the runner-up is underlined.

Method In-domain Out-domain

Random 0.6519 0.5286
w/o Probing 0.6691 0.5531
Heuristic (Accuracy) 0.6586 0.5494
Heuristic (Difficulty) 0.6687 0.5562
w/o Curriculum 0.6743 0.5601

CASS 0.6770 0.5779

Table 2: Ablation study of the key components within the
CASS framework. All experiments were conducted on the
LLaMA3-8B model.

step, having them answer the questions on the training set
via behavioral probing. Subsequently, we use this interaction
data to train and estimate all parameters of a Multidimen-
sional Item Response Theory model. In our experiments, the
latent dimensionality of the MIRT model was set to 200. We
then compute the Fisher Information for all data points in the
auxiliary pool and select the top 10% that are ranked high-
est. Finally, the specialized model is further fine-tuned on
this curated 10% subset using our staged, curriculum-based
approach with LoRA to enhance its performance.

Performance Comparison (RQ1)
Table 1 presents the main performance comparison between
CASS and various baseline data selection methods across
different backbone models and tasks. The results lead to two
primary findings:

First, CASS consistently and significantly outperforms all
baseline methods across all settings. As hypothesized, this
advantage is particularly pronounced on the more challeng-
ing out-of-domain generalization tasks, demonstrating the
effectiveness of our cognitive-driven strategy in fostering
higher-order thinking skills and enabling knowledge trans-
fer to novel problems.

Second, the performance hierarchy of the baselines
clearly reveals the limitations of non-cognitive approaches

when selecting data to foster generalization in educational
LLMs. Representation-based methods (e.g., DEFT, BM25,
DSIR) prioritize selecting semantically similar data points,
which overlooks the importance of building connections
across different knowledge concepts, thus proving less ef-
fective at fostering the cross-scenario generalization that
defines true learning. This limitation persists even in the
strongest baseline, LESS. Although its use of training dy-
namics is a more powerful paradigm, it attempts to quantify
information gain through gradient alignment, which is a fun-
damentally different and less direct measure than assessing
a data point’s true cognitive contribution. CASS’s consis-
tent advantage stems from directly addressing this core is-
sue. Instead of relying on such cognitively-agnostic signals,
our framework builds a principled cognitive model of the
LLM’s state to more accurately identify data that maximizes
genuine cognitive gain.

Ablation Study (RQ2)
To quantify the impact of each key component within CASS,
we conduct a comprehensive ablation study. We compare
the full CASS framework against several variants, with each
variant removing or simplifying one key component. The de-
tails of these variants are as follows:

• CASS w/o Probing: This variant removes the behavioral
probing step and instead builds the MIRT model from
the LLM’s raw performance on the standard, unperturbed
dataset.

• Heuristic (Accuracy): This variant replaces the MIRT-
based diagnosis with a heuristic based on hard-example
selection. It selects the subset of questions on which the
model achieved the lowest raw accuracy.

• Heuristic (Difficulty): This variant uses the MIRT diag-
nosis but replaces the Fisher Information criterion with
a simpler heuristic that selects the data points with the
highest estimated difficulty scores.

• CASS w/o Curriculum: This variant uses the full CASS
data selection process but fine-tunes on the selected sub-
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Figure 2: Performance analysis of CASS and Random Selection on the LLaMA3-8B base model. (a) The left panel shows
overall accuracy as a function of the data selection ratio, with 0% (base model) and 100% (full data) performance shown for
reference. (b) The right panel shows the performance improvement over the base model across different subjects for both in-
domain and out-of-domain tasks.

set in a random order, removing the easy-to-hard curricu-
lum strategy.

The results are illustrated in Table 2. From these findings,
we can draw several key conclusions. First, the performance
degradation across all variants compared to the full CASS
model highlights that each component in our framework is
essential and contributes positively to the final performance.
Furthermore, the greatest impact on performance was ob-
served in the Heuristic (Accuracy) variant. This is because
removing the MIRT-based diagnosis—the core component
of our framework—and replacing it with a simple heuristic
like the model’s raw accuracy means the selection process
fails to identify data that can optimally expand the model’s
cognitive boundary. Beyond the core MIRT diagnosis, the
performance drops among the other variants reveal a clear
hierarchy of importance: the Fisher Information selection
criterion is the most critical component, followed by the be-
havioral probing step, and finally the adaptive curriculum.
We also observe that the performance degradation for all
ablated variants is more pronounced on the out-of-domain
task. This is attributed to the fact that these cognitive com-
ponents are specifically designed to cultivate transferable
knowledge, making them indispensable for achieving robust
generalization.

Analysis of Performance Across Subjects and
Selection Ratios (RQ3)
To further investigate the efficiency and robustness of our
framework, we analyzed CASS’s performance across differ-
ent selection ratios and subjects as shown in Figure 2.

As shown in Figure 2a, the performance curve demon-
strates that the 10% selection budget represents an excellent
trade-off between performance and efficiency. It captures the
vast majority of achievable gains while using only a fraction
of the computational resources required for larger subsets.

In terms of practical application, this high data efficiency
enables a much faster and more iterative development cycle
for creating and iterating on specialized educational models.

Second, Figure 2b reveals the necessity of a cognitively-
grounded selection strategy by demonstrating that a naive
approach like Random Selection can be counterproduc-
tive, sometimes resulting in negative performance improve-
ment for in-domain tasks (e.g., in History and Chemistry),
whereas CASS provides consistent, positive gains across all
subjects. This difference in robustness occurs because CASS
employs a principled cognitive diagnosis to identify data
that is truly valuable for generalization, whereas naive ap-
proaches like random selection lack such a mechanism and
risk exposing the model to harmful or irrelevant examples.

Conclusion
In this work, we first analyzed the limitations of existing
data selection methods for specializing educational LLMs,
arguing for a shift towards a cognitively-grounded paradigm.
Subsequently, we introduced CASS, a novel framework that
uses a Multidimensional Item Response Theory model to di-
agnose an LLM’s cognitive state, and then employs Fisher
Information to select data that provides maximum informa-
tional value. Comprehensive experiments demonstrated the
efficacy of our model, showing that models trained with
data selected by CASS significantly outperform baseline
methods in target-domain accuracy and demonstrate supe-
rior generalization. Crucially, our cognitive-driven approach
proves more effective at identifying data with true pedagog-
ical value, leading to more reliable generalization. In the fu-
ture, we plan to enhance the efficiency of our framework
by exploring diagnostic methods that can reliably estimate
cognitive parameters without requiring large-scale interac-
tion data. We also intend to broaden its applicability by ex-
tending our cognitive selection paradigm to more complex,
open-ended, and multi-modal educational tasks.
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