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Abstract

Cognitive diagnosis, which assesses the learners’ competence
from learners’ interaction logs, plays a vital role in educa-
tion. It provides a crucial reference for gauging learners’ pro-
ficiency levels and tailoring future learning activities accord-
ingly. Researchers have proposed numerous cognitive diag-
nosis models to address this task. Despite their success, these
models continue to face the ill-posed problem because of the
information loss caused by under-expressive interaction func-
tion and incomplete observations. In this paper, we address
these challenges by proposing a novel cognitive diagnosis
model, DMC-CDM, based on the theoretical premise that
cognitive states can be captured with minimal information
loss by maximizing the mutual information between observed
and potential observations. Specifically, DMC-CDM incorpo-
rates a semantic extractor to provide a comprehensive seman-
tic understanding of learners’ interaction logs, thereby en-
hancing current collaborative-based cognitive state represen-
tations. It then consolidates multi-perspective observations to
capture precise cognitive states by maximizing mutual infor-
mation between these observations. We conducted extensive
experiments on three datasets, and the experimental results
demonstrate that our proposed model is both effective and
beneficial for downstream applications in education.

1 Introduction

Accurate assessment of cognitive states is crucial in edu-
cational applications. It provides critical insights for both
learners and educators to comprehend learners’ current cog-
nitive levels and modify learning paths appropriately (Jiang
et al. 2023). This assessment also plays a vital role in evalu-
ating and ranking learners, which is essential for merit-based
selections like the GRE and GMAT (Ghosh and Lan 2021).
As shown in Figure 1, cognitive diagnosis (Wang et al. 2023)
leverages learners’ personal practice logs to estimate their
cognitive states. This process involves recovering latent sig-
nals (i.e., cognitive states) from observed data (i.e., interac-
tions), and characterizing it as a typical inverse problem.
Numerous cognitive diagnosis models (CDMs) have been
developed to capture learners’ cognitive states (Lord 1980;
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Figure 1: The illustration of cognitive diagnosis and its in-
herently ill-posed nature, where the dotted line represents
the cognitive diagnosis process with partial observations.

De La Torre 2009; Zhao et al. 2024). These methods typ-
ically start by designing an interaction function based on
prior knowledge, mapping latent cognitive states to inter-
action logs. Learners’ cognitive states are then captured
through parameter estimation. Despite their success, these
methods often encounter a critical issue: the cognitive di-
agnosis process is inherently ill-posed due to information
loss (Song et al. 2022). This means that given an observation
(e.g., learner’s interaction logs in Exam 3), it is challeng-
ing to precisely recover the signals (i.e., cognitive states).
The information loss typically stems from two main causes:
(1) Under-expressive Interaction Function: Previous models
heavily rely on manually designed interaction functions to
map the cognitive states to interactions and generally over-
look richer information within the logs, leading to oversim-
plified interaction functions and information loss during di-
agnosis, particularly when logs are sparse (Dai et al. 2021;
Zhao et al. 2023b,a). (2) Incomplete Observations: The ob-
served interaction logs are often incomplete; for example, a
learner might only answer a few exercises (e.g., the perspec-
tive of Exam 3), leading to many unobserved interactions
in other perspectives such as Exam 1 and Exam 2, as de-
picted in the dotted part of Figure 1. Abundant information
in the unobserved interactions is lost. Recent advances aim
to address the ill-posed nature of cognitive diagnosis by em-
ploying more expressive interaction functions (Wang et al.
2023; Gao et al. 2021) or by incorporating unobserved inter-
actions through sampling (Yao et al. 2023; Ma et al. 2024).
However, their performance remains limited, and their un-
derlying motivation remains intuitive.

In this paper, we uniformly tackle the aforementioned



Under-expressive Interaction Function and Incomplete Ob-
servations problem by a theoretically grounded approach,
which is achieved by precisely capturing cognitive states
from a single perspective (e.g., Exam 3) and maximizing
the mutual information between perspectives (e.g., Exam
3 and Exam 2), thus consolidating the cognitive states and
enhancing the effectiveness. We implement the theoreti-
cal basis with a novel Diffusion-based Multi-perspective
Consolidated Cognitive Diagnosis Model, designated as
DMC-CDM. Specifically, for a more expressive interaction
function, we introduce a semantic extractor to extract se-
mantic information from interaction logs (Ren et al. 2024)
and combine the semantic information with the collaborative
information using a cross-attention strategy, capturing more
information from a single perspective. Furthermore, we con-
solidate the captured learners’ cognitive states through a
conditional diffusion-based multi-perspective mutual infor-
mation maximization scheme. We introduce noise to an ob-
served perspective (e.g. Exam 3) and subsequently recon-
struct it by conditioning on observations from other perspec-
tives (e.g., Exam 1), further maximizing the mutual informa-
tion between them and consolidating information from dif-
ferent perspectives.

In summary, the main contributions of this paper can be
delineated as follows: (1) To the best of our knowledge, this
paper is the first to address the ill-posed problem in cogni-
tive diagnosis by leveraging a theoretically grounded frame-
work for multi-perspective consolidation. (2) The proposed
DMC-CDM represents the first model that captures cogni-
tive states from a single perspective precisely and consoli-
dates the multi-perspective cognitive states. (3) Comprehen-
sive experiments in three real-world datasets provide com-
pelling evidence of the effectiveness of our proposed model
and its constituent components.

2 Related Work

Cognitive Diagnosis. Cognitive diagnosis Models (CDMs),
which provide cognitive diagnostic reports, help better un-
derstand learners’ abilities and optimize subsequent learning
activities (Jin, Huang, and Wen 2015; Liu et al. 2024; Wang
et al. 2024). The dominant approach in CDMs revolves
around formulating an interaction function F' that links la-
tent cognitive states to learners’ responses. The early Item
Response Theory-based CDM (IRT) (Lord 1980) utilizes a
logistic function to model the interaction function, and De-
terministic Inputs, Noisy-And gate (DINA) (De La Torre
2009) models the interaction of learners and exercises
with a discrete-continuous product function. Facing the ill-
posed problem, researchers have introduced expressive arti-
ficial neural networks into cognitive diagnosis, like Neural-
CDM (Wang et al. 2023), and DisenCD (Chen et al. 2024b).
Moreover, some recent advancements like EIRS (Yao et al.
2023) and CMES (Ma et al. 2024) exploit unobserved inter-
actions by sampling. However, despite their success, these
methods do not explore the inherent ill-posed property of
cognitive diagnosis, and their motivation is somewhat intu-
itive. To tackle the information loss problem, we propose
a theoretically grounded model that is designed for precise
capture from a single perspective and effective consolidation
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from multiple perspectives.

Solving Inverse Problem via Diffusion Model. The inverse
problem, focused on recovering underlying signals from ob-
servations, has been a significant topic in academic research
for a long time (Song et al. 2022). Traditionally, approaches
to solving inverse problems depend on gathering a large
quantity of both observations and latent signals (Shen, Zhao,
and Xing 2019). In recent years, the advent of the Diffu-
sion Model has precipitated a notable shift in this approach.
Numerous scholars have adopted the Diffusion Model to
address inverse problems, owing to its demonstrated ad-
vantages over traditional models in modeling data distribu-
tion (Song et al. 2022; Xiao et al. 2024; Nichol and Dhari-
wal 2021; Chung et al. 2022). Despite their success, these
methods cannot be directly applied to cognitive diagnosis, as
they require modeling the distribution of latent signals (i.e.,
cognitive states), which are not readily accessible in cogni-
tive diagnosis scenarios. In this paper, we adopt the same
assumption made in (Tewari et al. 2024) to recover cogni-
tive states from all potential observations. However, our ap-
proach goes beyond that of (Tewari et al. 2024) by offering a
comprehensive theoretical analysis of the consolidation pro-
cess in cognitive diagnosis, based on mutual information.

3 Methodology

3.1 Problem Setup

LetS = {s1,52,...,5s|} represents the set of learners, and
Q ={q1,92,...,qg)} denotes the set of exercises within an
educational system. Each learner interacts with the system
by engaging with a selection of these exercises. The total
interaction logs are structured as a set of triplets, denoted
by R = {(s,q,7)|s € S,q € Q,r € [1,0]}, where r; ;
indicates whether learner s; answered exercise q; correctly
or not (i.e., 1 denotes the correct answer and O denotes the
wrong answer). The latent cognitive states of the learners
are represented by a set ® = {6;|s; € S}. Concurrently,
the latent features of the exercises are encapsulated by B =
{Bila; € 9}

Given the learners’ interactions logs R, the objective of
Cognitive Diagnosis is to estimate learners’ latent cognitive
states © precisely by maximizing:

p(®|R) x p(R|®, B)p(©), (D)
where p(®) is the prior of cognitive states @, and
p(R|®, B) is modeled by the interaction function F' : © x
B — R in previous cognitive diagnosis models. For ex-
ample, for learner s; and exercise ¢;, the performance is
7i.; = F(6;, ;). It is noteworthy that during the parame-
ter estimation process for cognitive states ©, the exercise
features B are typically held constant, having been either
manually configured or initially learned (Wang et al. 2023).

3.2 Theoretical Basis

In section 1, we have concluded the reasons for informa-
tion loss are Under-expressive Interaction Function and In-
complete Observations, which render cognitive diagnosis an
ill-posed inverse problem. In this paper, we propose a the-
oretically grounded framework to solve the ill-posed cogni-
tive diagnosis problem, as illustrated in Figure 2(a). To begin
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Figure 2: (a) The overall framework of the proposed DMC-CDM, (b) Single-perspective Extractor, and (c) The consolidation

procedure of two perspectives with conditional diffusion.

with, we adopt a assumption (Tewari et al. 2024), which is
simple but rational.

Assumption 1. The latent cognitive states can be recovered
with all possible interaction observations.

This assumption is grounded in common sense. For in-
stance, each teacher has a unique style of designing exams,
which can lead to bias when assessing students through a
single exam. However, by aggregating results from multi-
perspective of exams, we can achieve a more accurate as-
sessment of a student’s cognitive state.

Based on the assumption, we denote the observed interac-
tion logs as R! (i.e., Exam 3 in Figure 1) and other possible
interaction logs as R* (i.e., Exam 1 and 2 in Figure 1), our
goal can be described as follows:

max E,[p(O|R", R?, ..., R™)], )

where p(-) denotes the joint probability distribution of
R', R?,...R¥. One step further, R' contains partial infor-
mation from © and so do R?, ..., R. The shared infor-
mation (i.e., The intersection part of the Venn diagram in
Figure 2(a)) between them would be the actual information
needed for capturing ©. Since R! is known, the above equa-
tion can be reformulated as utilizing information underlying
R?, ..., R¥ to maximize such a posterior:

maXEp(.)[p(@,R1|R2,...,RK)}, 3)

Theorem 1. Maximizing the posterior in Equation (3) to
reconstruct the hidden latent cognitive states © can be
approximated by maximizing the mutual information be-
tween the observed R' and other possible observations
R? R3,... R,

Drawing from Theorem 1, we establish a theoretical ba-
sis for addressing the ill-posed cognitive diagnosis problem
by integrating information from other potential observations
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RF into the observed R!. Building on the above theoretical
basis, the ill-posed cognitive diagnosis problem would be
alleviated. The proof of Theorem 1 is as follows:

Proof. The observed R! is fixed.

E,)[p(©, R'|R?, ..., R™)] )
p(©, RY|R?, ..., RK)

O(Ep(.) log[/e p(Rl) d@] (5)
_ p(R'[, R?, ..., R¥)
B p(R, R2, ..., R¥)

o 8 (R, ) ™

=I(RY; (R?,...,R™)) ®)

<I(RY R*) + I(RY R*) + ... + I(RY; RX).  (9)

O

In practice, interaction logs (i.e., observations) are dis-
crete, making it challenging to model the mutual informa-
tion directly. To address this, we implement our theoretical
framework by focusing on consolidating cognitive states in-
stead of the observations themselves. Hence, the remaining
issues for implementation are: (1) How can learners’ cog-
nitive states be captured more precisely from a single per-
spective? and (2) How to effectively consolidate the captured
cognitive states from different perspectives.

3.3 Model Implementation

Our approach comprises two main components: the Single-
perspective Extractor (SPE) and the Multi-perspective Con-
solidator (MPC). The SPE focuses on extracting latent cog-
nitive states by integrating observed interactions from col-
laborative and semantic viewpoints (Ren et al. 2024), fur-
ther enhancing the expression of the interaction function



F. Subsequently, the MPC employs a conditional diffu-
sion model (Peebles and Xie 2023) to cover the manually
noised cognitive states from one perspective based on spe-
cific perspectives, thereby optimizing the mutual informa-
tion across different observational perspectives. Ultimately,
we integrate the predicted performance from various per-
spectives using a weighted average method.

Single-perspective Extractor Previous Cognitive Diag-
nosis models, such as those documented in (Wang et al.
2023; Gao et al. 2021, 2023a), predominantly utilize collab-
orative information to derive learners’ latent cognitive states.
However, these models often encounter limitations when the
available collaborative data is sparse (Dai et al. 2021). In
response, we have integrated an semantic extractor with a
collaborative extractor to process observed learner interac-
tions (Ren et al. 2024). These are combined using a cross-
attention mechanism, as depicted in Figure 2(b).
Observation Embedding: Given the interaction logs
[(q1,73,1), (q2,7i2).-, (g, 73,5)] of learner s;, we process
the sequence of exercises [¢;] from R, through two dis-
tinct embedding transformations, i.e., collabrative extractor
and semantic extractor (Ren et al. 2024). Based on this,
we can map the observation R; as semantic representations
S% = [q;] € RN*% and collaborative representations

S¢ = [qf] € RN*%, where N the length of the learner
s;’s interaction logs.

Fusing & Pooling: We then employ a cross-attention
mechanism to enhance the alignment between the informa-
tion contained within the semantic representations S° and
collaborative representations S€, further fusing the informa-
tion. Following this, we concatenate S and S to produce
S = [q;] € R4 One step further, we utilize the mean
pooling operation to get learner s;’s hidden cognitive states
0; € R2d1,

Given learner’s cognitive states 6; and exercises’ features
§;. We can predict the performance 7; ; = F(6;,4;) like
previous CDMs (Wang et al. 2023). Furthermore, the SPE is
trained with the cross-entropy loss:

Lee = E[rlog(7) 4+ (1 —r)log(1 — )], (10)

where r and 7 denote real and predicted performance.

Multi-perspective Consolidator After addressing the
under-expressive interaction function with SPE, it is crucial
to recognize the issue of incomplete observations. This lim-
itation primarily arises because learners may engage with
only a subset of exercises (e.g., Exam 3 in Figure 1), leaving
many interactions unrecorded (e.g., Exam 1 and 2 in Fig-
ure 1). These gaps in data can significantly hinder the ac-
curacy of cognitive diagnosis. Existing methods (Yao et al.
2023; Ma et al. 2024) utilize a sampling method to iden-
tify reliable unobserved interactions as pseudo-labels. How-
ever, their methodology, while intuitive, lacks a solid theo-
retical foundation. Fortunately, our theoretical analysis pro-
vides an effective solution by maximizing the mutual in-
formation between observed interactions and potential un-
observed interactions. To implement this, we introduce the
Multi-perspective Consolidator, which amalgamates infor-
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mation from various perspectives. The workflow is outlined
as follows:

Possible Observations Retrieval: While it would be ideal
to access all potential observations R!, R?, ..., R¥, in prac-
tice, we are only able to get a fraction of them (e.g., RY).
Thus, we propose a retrieval method to get potential obser-
vations from similar learners, thereby augmenting the po-
tential observations. Without loss of generalization, for a
learner s;, with its single-perspective cognitive states 6;,
we can retrieve the top K most similar learners with co-
sine similarity. After retrieving learners, we denote them as
(03,062,603, ...,0K] and their corresponding interaction logs
as [R, R?, RY,...RK.

Mutual Information Maximum: After retrieving and aug-
menting potential observations, we can consolidate the
multi-perspective observations by maximizing the mutual
information between the observed R} and potential obser-
vations [R?, ..., RX]. Given that this paper focuses on cog-
nitive states, we aim to maximize the mutual information
between cognitive states observed from different perspec-
tives. We achieve this by adopting a conditional diffusion
approach as outlined in (Ho, Jain, and Abbeel 2020; Peebles
and Xie 2023; Yang et al. 2024b). We perturb the observed
cognitive states 63 (i.e., zo) and subsequently recover it us-
ing the information underlying the potential observation R,
as depicted in Figure 2(c). During the recovery process, we
leverage the information from R¥ to reconstruct 6} initially
learned from R}, thus effectively maximizing the mutual in-
formation I(R}; R¥) to a certain degree.

Specifically, we first gradually introduce Gaussian noise
€ in x¢ (i.e., the captured cognitive states 6] from a single-
perspective observation R} ):

q(XtIth) ZN(Xt;\/OTtthla(l—at)I% (11)

where oy is the variance schedule, N denotes the Gaus-
sian distribution. Due to the additivity of Gaussian process,
let e € N(0,1) and &y = HZ:1 as, we can directly get
x: = /axg + /1 — aze. Next, we encode the potential
observation R¥ the same as the SPE to obtain the represen-
tation gf € RNV*2d1 which further serves as the condition
for the recovery process:

Puo(Xe—1[xt, 8%) = N (415 s (%1, S, 1), Zo (¢, SF, ).

(12)
Currently, we have defined the form of the noising and re-
covering process, which aims to extract helpful information
from the condition (i.e., potential observation Rf) to recover
the target 6}, thereby further maximizing the mutual infor-
mation between them.

Moreover, we will introduce how to optimize the recovery
process. In this paper, following (Yang et al. 2024b), we
define the reparameterization of f1,,(x;, S¥,t) to predict xo
rather than the added noise e:

_ Va1 - @t—l)xt+\/@t—1th

w(xe, St
170—% 1*dt (Xt7 (2l )7

(13)
where D,,(x;,S¥,t) represents the prediction of zq (i.e.,
Gil ), which is consolidated from R} and RF. The architec-

Mo (Xt7 Sfa t)




ture of D, is implemented by Diffusion Transformer (Pee-
bles and Xie 2023) shown in Figure 2(c). Based on the repa-
rameterization form, our learning objective is:

Lpifs = Bl Do (x4, 8,1) = xol?.  (14)

Due to space constraints and the focus of this paper, we
will not elaborate on the score matching loss Lp;¢s here.
For a detailed derivation of it, interested readers are re-
ferred to (Song et al. 2020; Yang et al. 2024b) for compre-
hensive explanations. During the training process, we ran-
domly mask Sf as 0 to ensure the condition is learned (Ho
and Salimans 2022; Peebles and Xie 2023). Upon obtain-
ing the learned D, (x;, S¥, t), we can systematically recover
the consolidated 911’]“, which reconciles the two perspectives
(R} and RF), by following the stepwise process outlined in
Equation (12). Finally, to ensure that the consolidated 03 ok
effectively incorporates information from both R} and RF,
thereby maximizing the mutual information, we utilize these
consolidated cognitive states to predict the performance on
exercise lists in R} and retrieved R, further minimizing the
reconstruction loss, denoted as £ gecon. The computation of
this loss is according to Equation (10).

The training process for our proposed DMC-CDM model
comprises two primary phases: Initially, we train the SPE
using L., focusing on recognizing cognitive states from a
singular perspective. Subsequently, we utilize both Lp;s s
and L gecon to refine the training of the SPE and MPC.

Model Inference Precisely capturing 6} from a single per-
spective (e.g., Exam 3) and maximizing the mutual infor-
mation between observed and potential observations (e.g.,
Exam 1 and 2) through a noising and conditional recov-
ery process, we obtain the consolidated cognitive states
[01%,01%, ..., 67", The final predicted performance of the
learner s; on a typical exercise g; is computed using a
weighted sum approach:

K

>

k

Pij WEEF (01", q5), (15)

where W 1:¥ represents the normalized cosine similarity be-
tween 9} and Hik, calculated during the retrieval of potential
observations. And the interaction function F' is implemented

according to (Wang et al. 2023).

4 Experiments
We have designed a series of detailed experiments to explore
the following research questions: (RQ1) How prominent is
DMC-CDM in the learners’ performance prediction? (RQ2)
What role does each component of the DMC-CDM play in
its overall performance? (RQ3) How does the DMC-CDM
perform in different scenarios? (RQ4) How does our model
provide value in real-world applications?

4.1 Datasets

We conduct experiments on three widely used educational
benchmark datasets: MoocRadar!, an open dataset that pro-

"https://github.com/THU-KEG/MOOC-Radar
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Dataset MoocRadar Ifly Junyi
Learners 3,445 21,068 21,902
Exercises 918 9,653 586
Concepts 71 1,371 586
Interactions 159,531 516,613 1,072,267
Avg. Length 46.3 24.5 49.0
Sparsity 5.04%  0.254% 8.35%

Table 1: Dataset statistics.

vides interaction logs with responses and knowledge con-
cepts; Iﬂyz, a dataset collected from the iFLYTEK learning
machine that includes interaction logs on mathematics; and
Junyi®, a large-scale learning interaction dataset collected
from the Junyi educational platform.

To preprocess the data, we first filter the questions and
knowledge concepts that the number of interactions is less
than 30. Then, we filter learners whose interactions are less
than 30. Table 1 shows the basic statistics of the datasets
after preprocessing. We randomly split each learner’s inter-
action log with the proportion 80% : 10% : 10% to get frain
set, validation set, and test set, where the train set is used
to train our proposed model, validation set is used to tune
hyper-parameters, and fest set is used to test.

4.2 Experimental Setup

Baselines We compare the performance of the DMC-
CDM with that of commonly used CDMs. These base-
lines are described below: (1) IRT (Lord 1980) utilizes a
logistic-like interaction function to model scalar learners’
cognitive states and their performance. MIRT (Ackerman,
Gierl, and Walker 2003) extends IRT by modeling learn-
ers’ cognitive states with multidimensional vectors. Neural-
CDM (Wang et al. 2023) utilizes the neural networks to cap-
ture learners’ cognitive states from interactions. (2) Neural-
CDM+ (Wang et al. 2023) further incorporate text informa-
tion with word2vec embeddings, KaNCD (Wang et al. 2023)
extends NeuralCDM with knowledge-association based in-
formation. RCD (Gao et al. 2021) and TechCD (Gao et al.
2023b) introduce a graph-based method to capture collabo-
rative information underlying interactions and further fuse
them to capture abilities. (3) EIRS (Yao et al. 2023) and
CMES (Ma et al. 2024) exploit unobserved interactions
based on sampling mechanism and pseudo-labels, further
capturing learners’ abilities.

Evaluation Protocol To effectively assess Cognitive Di-
agnosis Models (CDMs), researchers commonly rely on in-
direct measures due to the impracticality of directly ob-
serving the latent cognitive states of learners. Performance
prediction tasks on test sets serve as a suitable proxy for
this evaluation (Wang et al. 2023; Gao et al. 2021). We
selected three metrics for our analysis: the area under the
curve (AUC), accuracy (ACC), and F1 score. Higher values
in these metrics signify superior performance of the methods
under consideration.

Zhttps://xxj.xunfei.cn/
3https://pslcdatashop.web.cmu.edu/DatasetInfo?datasetld=1198



Model MoocRadar Junyi Ifly
AUCT ACCH F1 1 AUCT ACCY F1 1 AUCT ACCT F1 1

IRT 0.6122  0.8699  0.9194 | 0.8217 0.8246  0.8955 | 0.7860  0.7112  0.7721
MIRT 0.7352 0.8287 0.9012 | 0.8171 0.8245 0.8909 | 0.7044  0.6524  0.6870
Neural CDM 0.8817 0.8949  0.9409 | 0.8256 0.8257  0.8967 | 0.8090 0.7349  0.7719
Neural CDM+ 0.8959 0.8731 0.9323 | 0.8826 0.8448 09092 | 0.8447  0.7514  0.7798
RCD 0.9241 09126 0.9502 | 0.8262 0.7716  0.8835 | 0.8356  0.7540  0.7912
KaNCD 0.8789 0.8855  0.9342 | 0.8531 0.8307 0.8939 | 0.8299  0.7516  0.7920
TechCD 0.7106  0.8741  0.9328 | 0.8294 0.8142  0.8833 | 0.8341  0.7546  0.7963
EIRS 0.9108 0.9048 09478 | 0.8281 0.8330  0.8990 | 0.7989  0.7258  0.7679
CMES 09110 0.8988  0.9500 | 0.8671 0.8184  0.8808 | 0.8436  0.7590  0.7989
DMC-CDM 0.9064  0.9143* 0.9521* | 0.8834 0.8597* 0.9168* | 0.8500* 0.7614* 0.8079*
DMC-CDM-w/o M 0.9069 09123  0.9506 | 0.8574 0.8451 09100 | 0.7679  0.6745  0.7621
DMC-CDM-w/o S 0.9010 09116  0.9508 | 0.8626  0.8537 09141 | 0.8097 0.7301  0.7887
DMC-CDM-w/o Both | 0.9076  0.9105  0.9503 | 0.8291 0.8462 09104 | 0.7146  0.6462  0.7451

Table 2: Performance prediction result. All results are obtained by computing the average result of 5 random seeds. And *

denotes significant improvement with p-value < 0.05 in the t-test.

Setup Details The DMC-CDM and all baselines are im-
plemented by PyTorch. The parameters are all initialized
with zero weight in the same way. The dropout rate is set
as 0.1. The hidden dim of each neural network is set as 512.
We use the Adam (Kingma and Ba 2014) optimizer to op-
timize our model. The learning rate of the denoise module
is 0.0005. The learning rate of the encoders and interaction
function is set as 0.0005. The semantic extractor chosen in
our experiments is BGE-M3 (Chen et al. 2024a). All exper-
iments are run on a Linux server with four 2.30 GHz Intel
Xeon CPUs and 8 RTX4090 GPUs. Our code is publicly
available at https://github.com/bigdata-ustc/DMC-CDM.

4.3 Experimental Results

RQ1: Learners Performance Prediction To validate the
effectiveness of DMC-CDM and the baselines, we first com-
pare them in the Learners Performance Prediction task.
Seen the results illustrated in Table 2, we can conclude
that: (1) DMC-CDM significantly outperforms nearly all
baseline methods across each dataset. This advancement
can be attributed to the theoretical framework, which ad-
vocates for the integration of multi-perspective observa-
tions (Tewari et al. 2024). (2) NeuralCDM+ (Wang et al.
2023) and other variants generally outperform traditional
IRT, MIRT, and NeuralCDM (Lord 1980; Ackerman, Gierl,
and Walker 2003), demonstrating that incorporating expres-
sive interaction function significantly enhances the ability
to capture learners’ cognitive states. This advantage per-
sists even though these methods all overlook the issue of
partial observations. (3) EIRS, CMES (Yao et al. 2023;
Ma et al. 2024) demonstrates superiority over traditional
CDMs through the incorporation of unobserved interac-
tions through knowledge-aware sampling and the addition
of pseudo labels. However, it is still worse than the proposed
DMC-CDM, since it does not consolidate multi-perspective
information in a theoretically sound way.

The aforementioned experimental phenomena provide
partial evidence that the DMC-CDM and its constituent ele-
ments are efficacious.
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RQ2: Ablation Study In order to validate the effective-
ness of each component of the DMC-CDM, as summa-
rized in RQ1, an ablation study was conducted. The DMC-
CDM-w/o M employs solely the Single-perspective Ex-
tractor, whereas the DMC-CDM-w/o S consolidates po-
tential collaborative representations. DMC-CDM-w/o Both
utilizes collaborative representations derived from single-
perspective extraction. The experimental results, presented
in Table 2, illustrate the performance of our default method
and its three variants across three datasets. From the re-
sults, we can conclude that: (1) Every variant performs bet-
ter than DMC-CDM-w/o Both, indicating that components
are effective in producing more precisely learners’ cognitive
states. (2) Multi-perspective consolidation plays a more cru-
cial role than the expressive interaction function equipped
with a semantic extractor. This is substantiated by the sig-
nificantly superior performance of DMC-CDM-w/o S com-
pared to DMC-CDM-w/o M. The reason may be that multi-
perspective observations can provide sufficient information
beyond the semantic information, compensating for infor-
mation loss in the under-expressive interaction functions.

RQ3: Further Analysis In our theoretical analysis, we
posit that observing all potential observations allows for
the restoration of cognitive states with minimal information
loss. In other words, more observations lead to better out-
comes. However, in practice, we can only obtain potential
observations from learners similar to the one undergoing as-
sessment. As we retrieve more potential observations with a
larger K, the less similar the tail-end learners are, resulting
in diminishing returns from their interaction logs, and thus,
less benefit from consolidating this information. Therefore,
it is crucial to determine the optimal setting of K to achieve
the best multi-perspective consolidation. We conducted an
experimental analysis of the K setting on the Ifly dataset,
and the results are presented in Figure 3. Our findings indi-
cate that as K increases, both AUC and ACC gradually rise
until reaching an upper bound. This confirms our hypothe-
sis that beyond a certain threshold, interactions from more
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Figure 3: Analysis on the number of potential observations K and the robustness.

MoocRadar Junyi Ty Positon [(D @ G & G ©® O _® @ (10
AUCT ACCt | AUCT ACCt | AUCT ~ACCt @ Id | 3578 2656 2688 2494 183 7977 3199 316 8266 1532
BGE-M3 0.9064 0.9143 0.8834 0.8597 0.8500 0.7614 Prob (%) | 99.99 9891 98.70 0.02 3540 9838 0.06 99.08 9442 4.19
Id | 3571 5634 6189 4716 7569 5878 190 4452 7160 9051
Llama3-8B 0.8981  0.9157 | 0.8716  0.8545 | 0.8259  0.7450 (b) |
Qwen2-7B 09030 09154 | 08695 08597 | 0.8363 0.7500 Prob (%) | 49.99 50.00 49.98 50.07 49.81 50.23 49.76 49.74 49.69 50.31
MiniCPM-2B 09010 0.9139 | 0.8814 0.8660 | 0.8393 0.7525 ) o
DMC-CDM-w/o S | 0.9010 09116 | 0.8626 0.8537 | 0.8097 0.7301 Table 4: The results on educational recommendation in-
) ) clude: (a) the recommendation result using a random strat-
Table 3: Impact of different semantic extractors. egy, and (b) the recommendation result using our proposed

strategy. ’Id” is the id of the exercise, and "Prob(%)” indi-

o ) » ) ) cates the probability of correctly answering.
dissimilar users do not contribute additional information to

our multi-view fusion. The optimal K for best performance
is determined to be 11, while a K of 3 provides a balance
between performance and cost.

One step further, to assess the robustness of our proposed
DMC-CDM and baselines in data-sparse scenarios, we con-
ducted an experiments under varying degrees of sparsity.
This was achieved by systematically removing random in-
teractions from the train set. As illustrated in Figure 3, the
performance of all CDMs exhibits a decline as the frain
set becomes progressively smaller relative to the original
dataset, thereby increasing data sparsity. Notably, DMC-
CDM consistently demonstrates superior performance com-
pared to other baseline models across the majority of con-
ditions. This suggests that the architecture of DMC-CDM
confers enhanced robustness in sparse data environments.

Our proposed DMC-CDM model utilizes the semantic ex-
tractor to make sense of the semantic information, thus alle-
viating the information loss of under-expressive interaction
functions. Therefore, the semantic comprehension ability of
these models may also have an impact on the effectiveness
of DMC-CDM. We conducted an experiment to apply dif-
ferent common open-source models to serve as the semantic

learner with the most benefit.

ment and improvement (Huang et al. 2020).

extractor, including BGE-M3 (Chen et al. 2024a), Llama3- 5 Conclusion

8B *, Qwen2-7B (Yang et al. 2024a) and MiniCPM-2B (Hu In this paper, our focus was on alleviating the information
et al. 2024). The results of the experiment are shown in Ta- loss, which made the cognitive diagnosis ill-posed and hin-
ble 3, from which we can conclude that: (1) All variants per- dered the effectiveness of CDMs. We first established the
formed better than the model without the semantic extractor, theoretical basis for multi-perspective information consoli-
providing further ev1depce that using semantic 1nformat10n dation. In line with this, we introduced a pioneering DMC-
enhances learner modeling from a single perspective. CDM. Specifically, we proposed a Single-perspective Ex-
RQ4: Application Analysis Offering personalized learn- tractor to leverage rich §emantic information, enhancing the
ing recommendations based on the estimated cognitive effectquess of cognitive state ass.essments frgm a single
states of learners is crucial for sustaining their motiva- perspective. Subsequently, we retrieved potential observa-
tion and enthusiasm, facilitating continuous engagement tions, maximized mutual information by conditional diffu-
in learning, and ultimately enhancing their various abili- sion, thereby consolidating multi-perspective information.

ties (Cheung et al. 2003). We conducted an experiment us-
ing a straightforward strategy (Lord 1980; Ghosh and Lan
2021), which recommends exercises that learners are ex-
pected to answer correctly with a probability of 0.5 (i.e.,
maximum information entropy, which is optimal for en-
hancing learners). This represents a moderate level of dif-
ficulty—not too hard, but not too easy—and provides the

To set up, we first randomly selected a learner and cap-
tured its cognitive states. Then, we recommended 10 exer-
cises to the learner based on the aforementioned strategy.
For comparison, we also randomly recommended 10 exer-
cises to the learner. From Table 4, we can conclude that
our strategy provides learners with exercises that are neither
too difficult nor too easy. It offers the most informative and
beneficial learning experience (Lord 2012; Ghosh and Lan
2021) rather than providing either too easy (e.g., 3578) or
too difficult (e.g., 3199), which can hinder learner engage-

Our experimental results not only validated the efficacy of

*https://github.com/meta-llama/llama3 DMC-CDM but also explored its specific advantages.
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