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ABSTRACT

We introduce the Unified Neural Variational Measurement
of Proficiency (UNVaMP) architecture, a knowledge tracing
method that integrates observed student-item interactions
with internal memory to produce evolving latent represen-
tations of student knowledge. These representations support
accurate predictions of future responses while enabling ex-
plicit control over the smoothness of estimated learning tra-
jectories. UNVaMP can be configured as either a purely neu-
ral model or a hybrid model that predicts responses through
an interpretable measurement function over the latent space.
We show that a pure neural configuration (UNVaMP-MLP)
achieves the strongest predictive performance among com-
pared models on three out of four datasets. Meanwhile, a
hybrid configuration (UNVaMP-MIRT, using a 1PL MIRT
measurement function) lags only slightly behind UNVaMP-
MLP, indicating that the predictive cost of interpretability
is modest.

Beyond predictive accuracy, UNVaMP provides the follow-
ing: a principled mechanism for controlling volatility when
estimating student latent variables, quantification of uncer-
tainty over student knowledge state estimates, and flexi-
ble input specification that supports heterogeneous student-
item interaction features. In addition, the hybrid UNVaMP-
MIRT configuration generates interpretable moment-in-time
student knowledge state estimates. Using an experimen-
tal dataset, we show that auxiliary inputs induce struc-
tured changes in the predictive behavior of UNVaMP-MIRT,
consistent with sensitivity to underlying structure beyond
response correctness. Furthermore, through a simulation
study, we show that UNVaMP yields well-behaved knowl-
edge state estimates under controlled measurement condi-
tions. In total, these results indicate that UNVaMP is both
practically useful for real-world education systems and ca-
pable of recovering meaningful underlying structure from
student-item interactions.
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1. INTRODUCTION

Building models of student learning often involves balanc-
ing competing needs for rigorous student knowledge estima-
tion and flexible model fitting over large, sparse, and noisy
datasets, while recognizing that student knowledge evolves
with each interaction. In contrast, classical measurement
models are typically designed for tightly controlled test en-
vironments (e.g., standardized tests) and impose strict as-
sumptions about student latent knowledge structures. Knowl-
edge tracing (KT) models seek to incorporate sequential (or
temporal) information about student-item interactions and
fall into two broad categories: those rooted in classical sta-
tistical frameworks [13, 33, 36], and those built upon modern
deep learning methods [10, 27, 37]. Classical approaches of-
ten preserve much of the framing of traditional measurement
models but relax certain constraints to capture learning dy-
namics and may support less controlled settings. Modern
deep learning approaches to KT typically relax both statisti-
cal and latent knowledge assumptions in pursuit of flexibility
and predictive power, although hybrid and theory-informed
methods are increasingly prevalent in the literature.

In the remainder of this section, we briefly summarize the
measurement and KT paradigms, followed by a discussion
of existing KT methods, along with their strengths and lim-
itations, then distill from this analysis a set of architectural
desiderata outlining desirable properties for modern KT ar-
chitecture designs. The UNVaMP architecture is then de-
scribed in detail in Section 2. We then describe our datasets
and experiments in Section 3, followed by a presentation of
our results in Section 4. Finally, we summarize our findings
and discuss limitations and future work in Section 5.

1.1 Classical Measurement Models

In classical measurement, models are built around an under-
lying construct of interest, typically represented by one or
more latent variables that are assumed to be static within
the measurement window [4]. In such models, student and
item parameters are estimated directly, often via maximum
likelihood, the expectation-maximization (EM) algorithm,
or related variational approaches, rather than through amor-
tized inference [20]. Although there are limitations with
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these models in terms of predictive performance and flex-
ibility, they are popular due to their interpretability, well-
understood statistical properties, and mature implementa-
tions. Two very popular classical frameworks are Item Re-
sponse Theory (IRT) and Cognitive Diagnostic Modeling
(CDM). We briefly discuss IRT below, but point readers
towards other materials discussing the properties and usage
of CDMs [41, 44].

1.1.1 Item Response Theory
IRT is a classical measurement framework in which observed
student-item interactions are modeled as a probabilistic func-

tion of latent student proficiency and item characteristics [20].

Multidimensional IRT (MIRT) extends this framework by
defining latent proficiency as a vector, where each dimen-
sion represents a latent skill [39]. For instance, the two-
parameter logistic (2PL) MIRT model is formulated as

1
~ 1+exp{—(a]6; +d;)}’

PlY;; =1]0;a;,d]

where Y; ; € {0,1} denotes an incorrect or correct student
response to item j, 0; is the latent proficiency vector for
student , a; is the vector of item discrimination (or loading)
parameters, and d; is a scalar item intercept related to that
item’s difficulty. The vectors 6; and a; have one dimension
per latent skill. The one-parameter logistic (1PL) MIRT
model, also known as the multidimensional Rasch model, is
a restricted case of 2PL MIRT where the dimensions of a;
have fixed values (typically 0 or 1).

1.2 Knowledge Tracing

Knowledge tracing is a broad category of methods that, un-
like classical measurement models, treat student knowledge
as evolving throughout a sequence of student-item interac-
tions [42]. We group KT approaches into two broad cat-
egories: those grounded in classical measurement philoso-
phies or statistical frameworks, and those built on modern
deep learning methods. In our discussion of deep learning
knowledge tracing (DLKT), we examine approaches that fo-
cus primarily on prediction, as well as hybrid methods that
incorporate elements of classical measurement.

1.2.1 Classical and Statistical KT Methods

Classical and statistical KT methods typically model stu-
dent knowledge directly and may utilize a longitudinal or dy-
namic adaptation of a classical measurement model. Popu-
lar families include Bayesian Knowledge Tracing (BKT) [13,
2], Elo [19, 36], and various dynamic IRT and CDM mod-
els [45, 53, 49, 24, 22, 7, 52]. Many variants exist, but all
primarily consist of estimating student and item parameters
given a sequence of student-item interactions.

Within classical KT, another well-studied and typically high-
performing family of models is Logistic Knowledge Tracing
(LKT) [32]. LKT is a framework that attempts to unify
the many previous KT models that use logistic regression
as their core predictive model. These prior models typically
use hand-engineered features that could in principle be used
together but were not (e.g., AFM [5], PFA [31], variants
of PFA [18], R-PFA [14], spacing models like PPE [46, 47],
and other features inspired by cognitive psychology [30]).
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However, selecting among these candidate features is chal-
lenging, so feature selection using lasso regression was in-
cluded in the framework. The lasso regression approach was
recently found to outperform several popular deep learning
approaches on four benchmark datasets [35].

Despite their conceptual clarity, classical methods often suf-
fer from several major shortcomings. First, longitudinal
variants of IRT and CDM often require re-fitting student
(and possibly item) parameters to obtain updated estimates
given new observations [49]. Other variants of these IRT and
CDM methods, along with models like Elo [36], support us-
ing updating rules for real-time parameter re-estimation, but
these require analytical derivations or heuristics that limit
model expressiveness, and these methods may still strug-
gle to scale with larger datasets [25]. In addition, when
many skills are present (e.g., dozens or hundreds), espe-
cially in large datasets, CDM and IRT methods may fail to
converge without imposing significant assumptions or struc-
tural simplifications. Finally, classical approaches typically
do not flexibly support auxiliary inputs beyond minimal pre-
dictors (e.g., sequential binary responses). Those that do,
such as explanatory IRT or LKT models, utilize manually
engineered features and require strong assumptions about
functional relationships between inputs and outputs [56].
This manual approach can become cumbersome as new data
sources become readily available (e.g., open-ended text re-
sponses), requiring significant resources to develop new fea-
tures or adapt existing ones. This limitation extends to fea-
tures intended to act as latent variables representing stu-
dent knowledge, such as those intended to behave similarly
to Elo parameters [34], since their interpretation will be con-
founded by the inclusion of new auxiliary inputs.

1.2.2 DLKT Methods

In response to the limitations of classical methods, numer-
ous DLKT architectures have emerged over the past decade,
ranging from those focused primarily on obtaining maxi-
mum predictive accuracy, to hybrid approaches that incor-
porate interpretable representations of student knowledge,
item properties, or learning dynamics.

Prediction-focused DLKT architectures generally forgo in-
terpretable student or item representations, limiting their
scope to next-response prediction in sequences of student-
item interactions. The first major example was DKT [37],
a recurrent architecture focused exclusively on prediction.
Following its introduction, numerous DLKT models have
been proposed, many achieving state-of-the-art performance
at the time of publication. Prominent examples include
SAKT [27], AKT [16], and SAINT [10]. Within the prediction-
focused DLKT paradigm, various extensions have been ex-
plored, such as incorporating uncertainty estimation [8, 12,
40]. DLKT models can exhibit volatility and unintuitive be-
havior in student learning dynamics [23, 59, 54, 62, 60]. Pro-
posed remedies have included penalization of output-space
inconsistency [59], attention mechanisms [54], and contrastive
training procedures [60]. Despite these advances, such mod-
els remain largely uninterpretable and focused on prediction.

To address these interpretability limitations, several hybrid
architectures incorporating elements of classical measure-
ment, such as IRT- or CDM-based outputs, have been pro-



posed [51, 55, 57, 43]. Many early hybrid methods assumed
static data generation and did not model learning dynam-
ics. More recently, dynamic hybrid architectures suitable
for KT have emerged, incorporating interpretability con-
straints such as IRT-style response functions [58, 6, 63],
CDM-inspired interaction functions [50], or structured dy-
namics [28, 48]. However, to our knowledge, methods that
introduce interpretability into the prediction mechanism do
not tend to incorporate accompanying dynamics regulariza-
tion [58, 6], while methods that impose structure on dynam-
ics do not produce interpretable knowledge states [28, 48],
and uncertainty representation is often left unaddressed.

1.3 Architecture Desiderata

Although knowledge tracing models are often judged pri-
marily by predictive accuracy, prior work has argued that
additional attributes are critical for practical usability [38].
We propose a set of architectural desiderata to guide DLKT
architecture design and address common challenges with ex-
isting approaches. While many models satisfy subsets of
these desiderata, we are unaware of any that explicitly ad-
dress each of them.

1.3.1 Regularization of Dynamics

The volatility issues that have been observed in the DLKT
paradigm may hamper their usability in many real-world
contexts. In deployed systems, models with poorly con-
strained dynamics can yield unstable proficiency estimates
that undermine reliability and interpretability. Accordingly,
DLKT methods should incorporate explicit regularization
mechanisms that promote smooth, stable trajectories of the
inferred student knowledge states.

1.3.2  Interpretable Knowledge States

Although many DLKT architectures exist, few output in-
terpretable knowledge states. Full transparency into all in-
ternal mechanisms (e.g., dynamics and response prediction)
is ideal but impractical in DLKT without imposing con-
straints that undermine the benefits of deep learning. In-
stead, we suggest that moment-in-time summaries of stu-
dent knowledge are sufficient for many practical use cases,
provided the underlying dynamics are well-regularized, even
if those dynamics are not themselves interpretable. To date,
many hybrid methods either provide only partial knowledge
state interpretability, or are too constrained to fully lever-
age DLKT’s expressiveness. Thus, a model that allows users
to specify an interpretable latent knowledge representation
while retaining flexibility in modeling student learning dy-
namics would be highly useful.

1.3.3  Uncertainty Quantification

A common challenge for DLKT models is the absence of dis-
tributional and structural assumptions that underpin clas-
sical uncertainty quantification, making it difficult to define
appropriate standards for uncertainty updating and calibra-
tion in practice. Nevertheless, a DLKT model should pro-
vide an internally consistent representation of uncertainty
that reflects changes in its confidence as evidence accumu-
lates. Even without statistical guarantees, such uncertainty
estimates have practical utility, such as revealing diminish-
ing returns as data accrue, informing when inference outputs
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should be surfaced, and enabling diagnostic analyses related
to external signals such as proportion correct or recency.

1.3.4  Flexibility of Inputs

A major benefit of deep learning is that it relaxes two oner-
ous requirements of classical modeling: pre-specifying func-
tional relationships between inputs and outputs, and hand-
engineering features to increase model capacity. Accord-
ingly, a DLKT model should be capable of incorporating
arbitrary sets of inputs, provided they do not introduce in-
formation leakage with respect to the response. While classi-
cal methods can, in principle, be expanded to accommodate
additional inputs (e.g., via additional coefficients), this flex-
ibility is largely nominal in practice. Such approaches scale
poorly to large feature spaces, and still require pre-specified
functional forms (e.g., linear effects or interaction terms).

2. THE UNVAMP ARCHITECTURE

We introduce the Unified Neural Variational Measurement
of Proficiency (UNVaMP) architecture. Inspired by dynamic
deep learning architectures that encode sequential inputs as
latent distributions [12, 17], UNVaMP combines a mem-
ory model and an inference model (encoder) to produce
moment-in-time latent knowledge state distributions, which
are passed through a response model to predict student-item
interaction outcomes. The response model thus serves as a
modular decoder that determines how latent distributions
map to predictions, and whether those latent distributions
carry interpretable meaning. When configured with a neu-
ral decoder (UNVaMP-MLP), the latent space has no pre-
scribed interpretation; when configured with a 1PL MIRT
measurement function (UNVaMP-MIRT), the latent dimen-
sions are directly interpretable as per-skill proficiency es-
timates, and item embeddings correspond to skill loadings
and intercepts.

In UNVaMP, latent dynamics are regularized via a Kullback-
Leibler divergence penalty between temporally adjacent dis-
tributions. When the response model is an interpretable
measurement function, UNVaMP yields knowledge state es-
timates with prescribed meaning. Because inputs and mem-
ory are encoded as latent distributions, uncertainty repre-
sentations are available through distributional parameters.
All configurations support arbitrary auxiliary inputs. Use
of the term “variational” refers to regularization of latent
dynamics via a distributional divergence penalty, not varia-
tional Bayesian inference. Fig. 1 provides a full diagram of
the architecture.

2.1 Inference Model and Memory Model

For a given student, the inference model (or encoder) f,
uses extracted features and hidden states—representing the
model’s internal memory—to output the mean and variance
of a Gaussian distribution over the student’s latent profi-
ciency at a given time point. The hidden states are the out-
puts of the memory model fn, a recurrent neural network
(RNN) that uses extracted features to build an internal hid-
den memory representation of the student; see Fig. 1(a)—(b).

For student 7 with a sequence of student-item interactions at
time points t = 1,2, ..., T;, the following inputs are available
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Figure 1: Overview of the UNVaMP architecture. Panel (a) shows the inference model, which combines internal memory about
student ¢ with extracted features from their most recent interaction to obtain an estimated latent knowledge distribution.
Panel (b) shows the memory model, which combines the previous internal memory about student ¢ with extracted features
from their most recent interaction to obtain an updated internal memory. Panel (c) shows the response model, which receives
latent variable samples from the knowledge state distribution for student ¢ and generates predicted responses to items.

for each t:
(yi,t7 Sity Tity Ui,t) )

where y;; denotes the observed response data (e.g., cor-
rect/incorrect) and s;: is an identifier (typically an inte-
ger index) for the item the student interacted with. The
variable z;; reflects any auxiliary data pertaining to the
student-item interaction (e.g., item or skill metadata), and
u;j,+ represents pre-response data that are measured before
the next response y; ;11 is observed, such as the time-gap be-
tween ¢t and t 4+ 1. The x; + and u;; inputs are optional, and
can be flexibly specified, so long as they do not leak informa-
tion about the response at ¢ + 1. In this study, predictions
target only the binary correct/incorrect score at ¢t + 1.

During the forward pass, the inputs are sent through feature
extractors f, fe, fu, and an item embedder f. to obtain:

it = fe(Tie)
€it = fe(Si,t) 5

Where v;+, &, Vi, €t € R? and d is a specified (or
tuned) embedding/encoding dimensionality. The represen-
tations vi¢, &.,¢, and e; ¢, along with v;:—1 (the extracted
pre-response features from ¢ — 1), are then concatenated to
obtain:

Vit = fo(Yirt),

Vit = fv (Uz’,t)7

Xiot = [Yirt, &ists Viyt—1, €i,t)-

The representation x; : describes the full set of data available
immediately after observing y; +. The hidden state h;¢—1 is
obtained from the memory model f; using xi+—1 and h; ¢—o:

hit—1 = fn(Xie—1, hit—2),

where h; ;1 reflects UNVaMP’s internal memory about stu-
dent ¢, prior to observation t.

Then, Xi,t, vi,t, and h; -1 are passed to the inference model
f=, which outputs a Gaussian distribution over student la-
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tent variable z; t41:

N(Ni,t+17 Uf,t+1) = f, (Xa,t, Vit hije—1)

where p;:41 represents the expected value of z;+y1, and
O’Z~2’t+1, a vector representing the diagonal of a covariance
matrix, reflects the model’s uncertainty about z; +11. Here,
we have that 41, af,H_l, Zijt+1 € R*, where k is the la-
tent dimensionality. The ¢ 4 1 subscripts denote that these
values represent the model’s belief about what the student’s
knowledge state will be at the time of response t 4+ 1. Dur-
ing training, z;++1 is sampled from /\/’(ui,tH,UitH) in the
forward pass, while during inference, it is given by point
estimate z; 111 = fi,t41-

We conclude our discussion of the inference model f. and
memory model fn, by noting several design choices. First,
features x;: are passed directly to f., rather than via f.
This restricts the role of f5 to that of a memory mechanism
only, preventing it from being the conduit of new informa-
tion at time point t. Second, the latent variable z; ;41 is
never ingested by f5, imposing a separation between the in-
ternal representations learned by f;, and the point-in-time
summaries given by f.. In doing so, the internal expres-
siveness of the memory and inference models is left uncon-
strained by the latent distributions they produce. This sep-
aration has the added computational benefit of allowing the
memory model to operate independently of the inference
model’s outputs during the forward pass, permitting the use
of optimized sequence processing without the bottleneck of
sequentially ingesting sampled latent variables.

2.2 Response Model

The response model fy, shown in Fig. 1(c), maps student
latent knowledge states, along with item embeddings, to pre-
dicted response probabilities.

Once the student latent variable z;+y1 is obtained from f,



and the next-item embedding e; (41 is obtained from the
embedder fe via €;,t41 = fe (Ss,641), these values are passed
into fy to obtain:

Dit+1 = fy (Zijt+1, €it41) ,

where p; ¢+1 is the scalar predicted probability that student
1 will respond correctly to item s; 1 at time point ¢ 4 1,
conditioned on the latent variable z; ;1 and the item em-
bedding e; ¢4+1. The items s;¢+1 are known during training,
and can be chosen arbitrarily during inference.

When fy is a known measurement function, it determines
the interpretation of the latent distribution. For the 1PL
MIRT configuration used in this study, the item embedder
fe outputs interpretable embeddings

€it+1 = (a’si,t+1 ) dSi,t+1) y
so that:

1
1+ exp{_(a;:,t,_*_lzivt“rl + d5i,t+1)} .

Dit+1 =

Here, the “embedding” is a tuple containing as, , ., and ds, , .,
which represent the loadings and intercept for item s; +y1,
where ds, , , can either be learned during fitting or supplied
as data. In this study, we utilized fixed binary skill tags as
loadings, giving as, ,,, € {0,1}*, and learned ds, ,,, dur-
ing fitting. A key constraint of our implementation is that
fv takes only student latent variables and item embeddings
as input, following the standard practice in most measure-
ment functions, allowing UNVaMP to support interpretable
response model configurations.

2.3 Training Objective
The UNVaMP training objective takes the form:

£ == Acpred +ﬂDKL7

where Lpreqa denotes the prediction loss (binary cross-entropy
in our case), Dk denotes the Kullback-Leibler (KL) di-
vergence [3], and J is a regularization coefficient. Because
UNVaMP represents student knowledge as latent probabil-
ity distributions, we require a mechanism to regularize how
these distributions evolve over time. As such, we compute
Dxk1, over temporally adjacent latent distributions:

Dir, (N (i1, 0% 040) |N (e, 054))

constraining how much the new knowledge state distribu-
tion N (ui,t+1,af,t+1) diverges from the previous distribu-
tion N (pi,e, Jfﬁt). This results in smoother estimated stu-
dent learning dynamics and tempers the local variation of
f» and f;, (indirectly), with 3 regulating the level of imposed
smoothness. Note that L,e.a and Dxkr, are scalar aggregated
values. To prevent latent dimensionality from inflating or
deflating the KL divergence, we perform mean-reduction
rather than sum-reduction of these quantities. This is es-
pecially important in the case where the latent space is tied
to an interpretable measurement function, since the dimen-
sionality of the latent space should not artificially inflate or
deflate the KL divergence penalty.

While UNVaMP is inspired by the dynamic VAE litera-
ture [12, 17], it does not perform variational Bayesian in-
ference. Unlike standard VAE formulations, where the KL
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divergence is computed between an approximate posterior
and a prior, UNVaMP uses the KL divergence solely as a
regularization mechanism to impose smoothness on the la-
tent knowledge distribution trajectories.

2.4 Alignment with Architecture Desiderata
UNVaMP was designed to address the DLKT architecture
desiderata outlined in Section 1.3. Specifically, the 8 term
in UNVaMP’s training objective provides a mechanism for
regularizing the estimated latent dynamics, allowing users
to control the trade-off between smoothness and predictive
performance. UNVaMP also supports using known measure-
ment functions (e.g., MIRT) as the response model, yielding
interpretable moment-in-time knowledge state estimates and
item parameters (intercepts and loadings) when so config-
ured. In addition, UNVaMP generates latent distributions
representing student knowledge states, enabling representa-
tions of internal uncertainty. Although these estimates do
not provide formal coverage guarantees, they capture rela-
tive model confidence in the latent estimates. Finally, UN-
VaMP accommodates arbitrary response, auxiliary, and pre-
response inputs. In this study, the full set of desiderata is re-
alized under the UNVaMP-MIRT configuration with g > 0,
while UNVaMP-MLP retains the flexibility, uncertainty, and
regularization properties without imposing interpretability
constraints on the latent space.

3. METHODS

This section describes the models, datasets, and experimen-
tal procedures employed in this study. First, we introduce
the UNVaMP configurations and baseline model architec-
tures utilized in our experiments. Next, we discuss the pub-
lic, internal, and simulated datasets on which our experi-
ments were conducted. We then conclude with a description
of the experimental setup and evaluation protocols.

3.1 Models

UNVaMP was benchmarked against a representative set of
classical, hybrid, and deep learning KT models. These base-
lines were chosen to provide well-known comparison points
with different approaches to dynamics, interpretability, and
model capacity. Below, we describe the models and config-
urations used in our experiments.

3.1.1 UNVaMP

For benchmarking, we evaluated two configurations of UN-
VaMP that differ only in the specification of the response
model. The first, UNVaMP-MLP, uses a neural network de-
coder as the response model. The second, UNVaMP-MIRT,
is a hybrid configuration in which the response model is a
1PL MIRT measurement function. Here, the item embedder
consumes pre-specified binary skill tags for each item, which
are used as fixed loading parameters, while item intercepts
are learned as one-dimensional embeddings. For the memory
model, we used a Gated Recurrent Unit (GRU) RNN [9].

3.1.2 BKT

Bayesian Knowledge Tracing (BKT) is a Hidden Markov
Model-based knowledge tracing method that uses response
history to estimate future proficiency and correctness. The
model uses four key parameters: initial knowledge proba-
bility, learning rate, guess rate (correct answer despite not



Table 1: Dataset summaries.

Dataset Obs. Students Items Skills
ASSISTments 172,200 1,561 548 78
EdNet 2,085,026 18,326 9,198 187
Cloze 45,115 478 144 36
Amplify 7,583,010 107,169 2,346 43

knowing), and slip rate (incorrect answer despite knowing).
We used the BKT implementation in the pyBKT package [1].

3.1.3 Deep-IRT

Deep-IRT is an extension of the Dynamic Key-Value Mem-
ory Network (DKVMN) architecture that predicts the prob-
ability of a correct response using a Rasch-style measure-
ment function [58]. Like DKVMN, Deep-IRT employs a
static key memory to compute attention weights over knowl-
edge components, and a dynamic value memory that is up-
dated using embeddings of student-item interactions [61].
Deep-IRT then estimates latent student traits and item dif-
ficulties that are combined using the Rasch measurement
function to predict probability of correctness. For our ex-
periments, we used the Deep-IRT implementation provided
by the pyKT Toolkit package [26].

3.1.4 SAINT

SAINT is a DLKT method based on the influential trans-
former architecture [10]. In SAINT, a multi-head attention
mechanism is used within an encoder-decoder architecture,
where the encoder models the exercise sequence and the
decoder attends to prior responses and the encoded exer-
cises to predict response correctness. For our experiments,
we used the SAINT implementation provided by the pyKT
toolkit, with minor implementation-level modifications that
do not alter the model architecture. Specifically, we used
PyTorch’s built-in transformer encoder and decoder mod-
ules (rather than from-scratch implementations) and em-
ployed a shared positional embedding layer in the encoder
and decoder blocks.

3.1.5 LKT

We used the lasso regression implementation in the LKT
package in R [33] to create features and train models, in
which a penalty term is applied to the objective function
and may reduce coefficients to zero. This approach was im-
plemented to avoid challenges with feature selection [35].

3.2 Data

The data used in this study fall into three categories: pub-
lic, internal, and simulated. Public and internal datasets
were used for evaluating UNVaMP against existing knowl-
edge tracing models on known benchmarks and in a real-
world context, while the simulated data were used to assess
UNVaMP’s latent structure recovery capacity and inference
behavior under controlled conditions.

3.2.1 Public Datasets
Three public datasets were selected for this study: ASSIST-
ments, EdNet, and Cloze. Dataset-specific preprocessing

358

is described below. In addition, iterative threshold filter-
ing was applied to retain only students with responses to
at least ten unique items and items with responses from at
least one hundred unique students. For multi-skill items,
observed per-item skill combinations were used as skill tags
for all models except UNVaMP-MIRT, where latent dimen-
sions corresponded to atomic skills. Table 1 summarizes
each dataset. Each dataset was divided into a 60/20/20
train/validation/test split unless otherwise noted.

ASSISTments. The ASSISTments dataset contains student-
item interactions from the ASSISTments online math tutor-
ing platform, which provides immediate feedback and op-
tional scaffolds and hints [21]. In this study, we used the
ASSISTments 2017 dataset released for the 2017 ASSIST-
ments Longitudinal Data Mining Competition [29], a lon-
gitudinal dataset with nearly one million student actions
from over 1,700 students spanning secondary through ter-
tiary education. To better reflect non-intervention assess-
ment moments, we retained only single-skill items (dropping
untagged and multi-skill items) and excluded responses in-
volving scaffolds or hints, as well as responses on student-
item pairs where the initial response used assistance.

EdNet. The EdNet dataset contains student-item interac-
tion data from Santa, an intelligent tutoring system used
by South Korean students to prepare for the Test of En-
glish for International Communication (TOEIC) [11]. Ed-
Net contains data from over 750,000 students and is orga-
nized into four datasets with varying levels of behavioral de-
tail. We randomly sampled 20,000 students from the KT1
subset prior to threshold filtering. We then removed du-
plicate interactions within sessions and interactions missing
responses, imposed a cap of 500 interactions per student (ap-
proximately three standard deviations above the in-dataset
mean) to reduce computational demands during model fit-
ting.

Cloze. The Statistics Cloze dataset (referred to as “Cloze”
in this study) was obtained from Memphis Datashop via
the LKT R package [33]. The data consist of responses from
Amazon Mechanical Turk participants who studied statis-
tical concepts through short readings and completed cloze-
style exercises, with each sentence associated with one of 36
skills. Sentence presentation frequency and temporal spac-
ing (narrow, medium, wide) were experimentally manipu-
lated, with post-practice tests administered after delays of 2
minutes, 1 day, or 3 days. We removed observations without
a correctness score. Due to the small dataset size, we used a
50/25/25 train/validation/test split with stratified sampling
to maintain balance across experimental conditions.

3.2.2 Internal Dataset

Amplify Dataset. The Amplify dataset consists of student-
item interactions from a K-8 mathematics curriculum deliv-
ered via an online platform, including summative pre-unit,
mid-unit, and end-of-unit assessments, as well as forma-
tive in-lesson assessments. Though responses were primarily



auto-scored as correct or incorrect, when available, teacher
re-scores were used in place of auto-scores. In this dataset,
questions are tagged to a hierarchical proficiency map of
math skills, and for this study, skill tags were drawn from
the highest-level nodes. Only non-empty responses were re-
tained and untagged items were excluded. The dataset was
de-identified, with all personally identifiable information re-
moved prior to use.

3.2.3  Simulated Dataset

We simulated student response data from a 1PL MIRT model.

First, a global skill-skill covariance matrix ¥ was constructed
with unit variances on the diagonal and off-diagonal en-
tries drawn uniformly from the range [0.2,0.6], with X con-
strained to be positive semi-definite. Next, a scalar overall
proficiency z; was drawn from a standard normal distribu-
tion for each student. Per-student 0; vectors were then sam-
pled from N (z;-1,%). Item difficulties b; were sampled
from a standard normal distribution, with equal numbers
of single-skill items per skill. Responses were generated by
computing item intercepts d; = —b; and applying the MIRT
measurement function, then sampling Bernoulli outcomes.
All students interacted with all items, and within-student
item interaction order was randomized such that more diffi-
cult items tended to be seen later. Each simulated dataset
contained 5 skills, 50 items per skill, and 10,000 students.

3.3 Experiments
3.3.1 Model Benchmarking

For the model benchmarking experiments, we fit all mod-
els to the public and internal datasets, then characterized
predictive performance and smoothness.

Prior to benchmarking, hyperparameters for all deep learn-
ing models were tuned using Bayesian optimization. Across
models, tuning included the learning rate, embedding di-
mensionality, and dropout probability. For UNVaMP, ad-
ditional hyperparameters included the hidden state dimen-
sionality and the number of hidden layers in the RNN and
feature extractors; for UNVaMP-MLP, the number of hid-
den decoder layers was also tuned. For Deep-IRT, tuning
included the batch size, the number of rows in the key and
value memory matrices (constrained to be equal), and the
maximum input sequence length. The latter was introduced
to circumvent VRAM limitations, such that longer input
sequences were split into subsequences and treated as ad-
ditional samples during training. For SAINT, tuning in-
cluded the batch size, the number of encoder and decoder
layers (constrained to be equal), the number of attention
heads, and the maximum input sequence length (used sim-
ilarly to Deep-IRT). All DLKT models were trained us-
ing Adam-based optimizers with default settings, with UN-
VaMP trained using AdamW. For LKT, we included the
same features as described in the original LKT-lasso paper,
with the addition of power-law decay and PPE [35]. Hyper-
parameters for PPE were estimated via maximum likelihood
on the training set. Other features with hyper-parameters
were generated on a 0-1 grid (step=0.1).

Because LKT and UNVaMP allow flexible specification of
input features, we evaluated two versions of each model.
The minimal versions were trained using the same inputs as
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the other benchmark models: item ID, skill ID, sequence po-
sition, and response correctness (and features derived from
these inputs). The (aux) versions included all minimal in-
puts plus available auxiliary inputs, which varied by dataset
(e.g., problem type, bundle ID). All datasets provided sub-
mission timestamps, from which recency features (e.g., time
since previous submission) were computed.

Benchmark fits of UNVaMP-MLP and UNVaMP-MIRT were
conducted using 3 € {0, 1073} to reflect peak predictive per-
formance. To examine the trade-off between predictive per-
formance and regularization, we compared UNVaMP-MIRT
(aux) fits across 8 € {0,1073,1072,107 '} for each dataset.
To quantify the smoothing effect of 8 on the latent dynam-
ics, we report what we call the average latent total variation
(ALTV). ALTV can be viewed as a normalized, fixed-sample
analogue of total variation, a concept in real analysis that
describes the oscillatory behavior of functions. This met-
ric was also inspired by the wi smoothness metric described
n [59], though ALTV is computed in the latent space and
gives equal weight to each student. ALTV is formulated as

N T;—1
1 1
ALTV = N ; (k(ﬂ—l) ; |zit41 — Zi,t”l> )

where z;; € R” is the latent proficiency vector for student
i€ {1l,---, N} at time point ¢. Under the 1PL MIRT mea-
surement function, each latent dimension enters the logit
with a binary coefficient. Consequently, holding all else
fixed, a one unit perturbation to z;: in any latent dimen-
sion has the same effect on the logit. This means latent
dimensions share units and the use of the L' norm over the
differences (z;,t41 — 24,¢) is justified.

3.3.2  Simulation Study
In the simulation study, we evaluated UNVaMP-MIRT un-
der five levels of Gaussian measurement noise, perturbing
each student response using

1
~ 1+exp{—(a)0i+d;+¢)}

where € ~ N(0,v) and v € {0.0,0.25,0.5,0.75,1.0}. For
each noise level, 5 replications were conducted (25 total
runs). The skill-skill covariance matrix was fixed across
runs, with student proficiencies, item difficulties, and re-
sponses re-sampled within each run. UNVaMP-MIRT and
baseline MIRT models were fit separately within each run,
with MIRT estimates obtained via maximum a posteriori
(MAP) using a standard normal prior. MAP was chosen
over maximum likelihood estimation (MLE) or weighted max-
imum likelihood estimation (WLE) for numerical stability
and reliable convergence. Both models were fit with ground-
truth item parameters a; and d; fixed, aligning latent scales
such that student latent variables were the only estimated
quantities. We examined two primary behaviors of UNVaMP-
MIRT: (1) latent variable recovery accuracy, and (2) the be-
havior of uncertainty estimates as a function of the number
of observations. Each replication comprised 10,000 students
with 250 responses per student (2.5M observations per run).
Except where otherwise noted, all simulation analyses use
UNVaMP-MIRT with 3 = 1072,

P[Yiwj =1 | eiva’j7dj]

4. RESULTS
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Figure 2: UNVaMP-MIRT signed error (mean(p—y)) on the
Cloze dataset with and without auxiliary inputs, under 5 =
1073. With auxiliary features included, UNVaMP-MIRT
demonstrates reduced error in delayed post-tests. Error bars
represent 95% confidence intervals. Standard errors were
computed as the SD of prediction residuals divided by the
square root of the subset sample size (practice session, 2
minute delay, 1+ day delay, or 3+ day delay).

4.1 Model Benchmarking

UNVaMP-MLP achieved the strongest overall performance
during model benchmarking, outperforming or matching all
other models on three of four datasets in both AUC and ac-
curacy, with LKT performing best on the Cloze dataset (Ta-
ble 2). UNVaMP-MIRT performed competitively, with only
modest losses in predictive performance relative to UNVaMP-
MLP, indicating that the cost of an interpretable response
model is small in practice. Specifically, UNVaMP-MIRT
outperformed SAINT on ASSISTments, EdNet, and Cloze,
and performed slightly worse on the Amplify dataset. Com-
pared to LKT, UNVaMP-MIRT performed comparably on
ASSISTments and EdNet, and better on the Amplify dataset,
though worse on Cloze. Both UNVaMP variants showed
strong performance across datasets, despite varying dataset
sizes, item and skill counts, and other structural attributes,
indicating robustness to dataset-specific characteristics. By
contrast, SAINT’s performance appeared to be highly sensi-
tive to dataset size, consistent with its transformer-based
architecture. Differences between our baseline model re-
sults and those reported in the original works are primar-
ily attributable to our data preprocessing and subsampling
choices.

LKT’s strong performance on Cloze is unsurprising, given
that the data were collected under constrained, experimen-
tal conditions, with relatively few students and observations,
limiting the performance of higher-capacity DLKT methods.
LKT also benefited from hand-designed, research-based fea-
tures, which can outperform deep learning methods in low-
and medium-data settings [15]. Furthermore, Table 2 shows
that the impact of auxiliary inputs on UNVaMP’s aggregate
predictive performance was minimal, with their inclusion
producing negligible performance differences for UNVaMP-
MLP and small, mixed effects for UNVaMP-MIRT.
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Although auxiliary features had a limited impact on aggre-
gate predictive performance for UNVaMP, results for the
Cloze dataset—with its spacing, repetition, and retention
interval manipulations—indicate that these features mean-
ingfully influenced model behavior. Stratifying UNVaMP-
MIRT performance by post-test session interval revealed
that longer retention intervals were associated with smaller
signed prediction errors for the auxiliary configuration (Fig. 2).
This suggests that auxiliary features (e.g., elapsed time) can
improve sensitivity to meaningful underlying structure, de-
spite modest losses in aggregate accuracy. We suspect this
sensitivity would improve, and perhaps come at reduced pre-
dictive cost (if any), given a larger dataset.

To examine the effect of 8 on predictive performance, we
evaluated UNVaMP-MIRT (aux) under the conditions 3 €
{0,1073,1072,107 "}, revealing a clear pattern (Table 3).
Increasing B from 0 to 102 produced no meaningful change
in prediction accuracy, whereas the change from 107* to
1072 led to a small but consistent decrease across datasets.
A further increase to 107! resulted in a substantial accu-
racy drop in most cases. These results indicate that small
values of 8 have little practical impact on predictive perfor-
mance. Across all datasets, ALTV decreased monotonically
with increasing (3, confirming that § provides control over
the smoothness of latent trajectories. With the exception of
Cloze, the increase in 3 from 0 to 10~ resulted in the largest
decrease in ALTV by far. Subsequent 3 increases showed di-
minishing returns, along with increased performance penal-
ties. The smoothing effects of 3 are further examined qual-
itatively in the simulation study results below.

4.2 Simulation Study

In the simulation study, we evaluated UNVaMP-MIRT’s abil-
ity to recover student latent variables relative to a base-
line MIRT model. Fig. 3(a) shows that, across all noise
conditions, UNVaMP-MIRT performed comparably to the
MIRT baseline once it had observed the full response se-
quence. Given the large number of responses per student,
MAP shrinkage in the MIRT baseline model is unlikely to
have materially affected accuracy. These results do not indi-
cate that UNVaMP-MIRT will outperform MIRT under ide-
alized conditions, but rather that it is capable of recovering
latent variables with comparable accuracy given sufficient
data. UNVaMP-MIRT’s competitive recovery accuracy in
this experiment may partly reflect its ability to implicitly
exploit the cross-skill correlations that were built into the
simulation process, whereas the baseline MIRT models were
fit under a simple per-skill standard normal prior.

Fig. 3(b) shows that UNVaMP-MIRT’s uncertainty estimates
decreased alongside recovery RMSE across noise conditions,
indicating that model uncertainty tracked recovery accu-
racy. Uncertainty declined more rapidly than RMSE early in
the sequence, suggesting some possible early overconfidence,
but both quantities exhibited a shared monotonic decrease.
Fig. 4 illustrates the effect of 5 on latent variable estimation,
with larger values producing less volatile estimation behav-
ior. We emphasize that this simulation study considered
static ground-truth latent knowledge states; further analy-
sis is needed to evaluate model behavior under dynamically
evolving states.



Table 2: Model performance across four real-world datasets. Best values per dataset, per metric are in bold.

ASSISTments EdNet Cloze Amplify
Model AUC Acc. AUC Acc. AUC Acc. AUC Acc.
BKT 0.635 0.595 0.668 0.659 0.724 0.674 0.654 0.614
Deep-IRT 0.687 0.633 0.697 0.675 0.753 0.689 0.768 0.697
SAINT 0.698 0.639 0.748 0.704 0.673 0.625 0.868 0.780
Lasso LKT 0.732 0.665 0.761 0.713 0.846 0.766 0.810 0.734
Lasso LKT (aux) 0.736 0.670 0.767 0.716 0.858 0.775 0.822 0.745
UNVaMP-MLP (8 = 0) 0.743 0.677 0.767 0.717 0.833 0.750 0.867 0.779
UNVaMP-MLP (8 = 1073) 0.742 0.675 0.766 0.717 0.827 0.740 0.869 0.780
UNVaMP-MLP (au B8=0) 0.745 0.677 0.765 0.716 0.837 0.756 0.865 0.777
UNVaMP-MLP (aux, 3 =10"%) 0.745 0.678 0.765 0.716 0.831 0.751 0.865 0.776
UNVaMP-MIRT (8 = 0) 0.730 0.666 0.762 0.714 0.821 0.742 0.844 0.759
UNVaMP-MIRT (8 10 ) 0.729 0.662 0.755 0.709 0.810 0.737 0.845 0.760
UNVaMP-MIRT (aux, 8 = 0) 0.736 0.673 0.755 0.709 0.815 0.738 0.849 0.764
UNVaMP-MIRT (aux, 8 =10"%) 0.738 0.670 0.751 0.706 0.803 0.734 0.850 0.764

Table 3: Impact of increasing 8 on AUC and ALTV. Highest AUC and lowest ALTV values per dataset are in bold.

ASSISTments EdNet Cloze Amplify
Model AUC ALTV AUC ALTV AUC ALTV AUC ALTV

UNVaMP-MIRT (aux, 8 = 0) 0.736 0.418 0.755 0.185 0.815 0.322 0.849 0.765
UNVaMP-MIRT (aux, 8 =10"%) 0.738 0.039 0.751 0.017 0.803 0.209 0.850 0.192
(
(au

UNVaMP-MIRT (aux, 8 = 1072) 0.722 0.015 0.747 0.012 0.733 0.039 0.844 0.072
UNVaMP-MIRT (aux, 8 =10""') 0.703 0.007 0.744 0.009 0.713 0.017 0.802 0.023
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Figure 3: Relationship between the fit metrics of interest and the number of observations (student-item interactions). Panel
(a) shows RMSE vs. observation count, averaged across replications. Cross-replication SD is omitted from the figure due
to small magnitude (averaging below 0.01 for all noise conditions). The dashed line indicates baseline MIRT final RMSE,
computed after observing all data. Panel (b) shows the percent of the initial value (RMSE and uncertainty) vs. observation
count, averaged across replications. Again, cross-replication SD is omitted from the figure due to small magnitudes (averaging
below 1% for RMSE and below 3% for uncertainty across all noise conditions).

361



G0ST

I
= O K
L L L

Ao ok
T88€

Est. Proficiency

Tl Y '4

A'_M
v

0 100 200 0 100 200 O 100 200 O 100 200
Num. Observations

8756

|
O K
L L L

Figure 4: Effect of 8 on latent proficiency estimation.
Columns correspond to 8 € {0,107%,1072,107"}; rows cor-
respond to individual simulated students. The black line
shows the UNVaMP-MIRT estimate for one latent skill plot-
ted against the cumulative number of responses across all
skills. The red horizontal line denotes the true value of the
selected skill.

5. DISCUSSION

In total, our findings show that UNVaMP offers practical
mechanisms for regularizing latent dynamics and modeling
latent structure within student-item interaction data, all
while maintaining competitive predictive performance. Be-
low, we clarify the scope and limitations of the current work
and place these results in a broader context.

5.1 Limitations and Future Work

Although ALTYV quantifies the effect of 8 on latent trajec-
tory smoothness, connecting such metrics to practical cri-
teria for [ selection is not straightforward. For instance,
student knowledge estimates are expected to exhibit high
early volatility, due to both estimation noise and genuinely
rapid early learning, followed by more moderated trajecto-
ries. It remains unclear how to weigh smoothness against
predictive accuracy, or whether such measures would have
an intuitive interpretation. These issues arise because, al-
though a hybrid UNVaMP configuration offers interpretable
snapshots of estimated student knowledge, the underlying
dynamics are still the product of a deep learning model and
are not governed by interpretable updating rules.

Likewise, while UNVaMP provides quantitative uncertainty
estimates, those estimates are not calibrated according to
any interpretable statistical framework and should not be
used to provide coverage guarantees; rather, they are best
used to identify changes in relative confidence within the
model as evidence accumulates. Because our current study
examined the relationship between UNVaMP’s latent uncer-
tainty estimates and recovery accuracy only under simulated
conditions, the relationship between uncertainty and exter-
nal signals (e.g., predictive accuracy) should be investigated
in a real-world setting; however, such investigations would
need to account for the sparsity, noise, and heterogeneity of
real-world interaction data.
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UNVaMP can utilize arbitrary engineered features as auxil-
iary inputs, such as those used in LK'T models. Future work
could examine the impact of incorporating these features on
both predictive performance and interpretability. In addi-
tion, subsequent studies could investigate UNVaMP’s ability
to implicitly recover experimentally demonstrated learning
phenomena from data in which such structure is known to
be present. While experimentally generated datasets such
as Cloze are valuable for this purpose, their limited size
constrains the direct application of DLKT methods. Ac-
cordingly, future work could include large experimentally
informed simulation studies to examine how auxiliary inputs
influence UNVaMP’s sensitivity to known learning phenom-
ena.

5.2 Conclusions

In this paper, we introduced UNVaMP, a neural network
knowledge tracing architecture that estimates latent distri-
butions over student knowledge as it evolves over time. We
found that a pure neural configuration (UNVaMP-MLP)
achieved the strongest predictive performance among com-
pared models on three out of four datasets, while a hybrid
configuration (UNVaMP-MIRT) lagged only slightly behind,
highlighting the relatively small penalty incurred for im-
proving interpretability. In addition, UNVaMP-MIRT with
auxiliary inputs exhibited sensitivity to underlying temporal
structure in the experimental Cloze dataset. Under simu-
lated conditions, the UNVaMP-MIRT configuration further
exhibited robust latent variable recovery and internally con-
sistent uncertainty behavior. Taken together, these results
indicate that UNVaMP, particularly in its hybrid configu-
ration, is a practical solution for applications that require
not only strong predictive performance, but also regularized
latent knowledge trajectories, interpretable knowledge state
estimates, internally consistent uncertainty quantification,
and flexible input modeling.
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