
Integrating Multimodal Inputs such as Text, Audio, and

Visuals in Learning by Reading Systems to Enhance

Long-Term Knowledge Retention

Ramon Gatchalian1 and Isabella Leon2

1Pangasinan State University, College of Computing Studies, Alvear Street, Lingayen,
Pangasinan, Philippines

2University of Southeastern Philippines, School of Computer Studies, Bo. Obrero Street, Davao
City, Philippines

2023

Abstract

Multimodal learning by reading systems leverage textual, auditory, and visual information
to facilitate improved comprehension and retention of complex knowledge. This approach rests
upon the premise that interlinking multiple sensory channels can yield more robust cognitive
representations, thereby enhancing memory consolidation processes over extended time spans.
The incorporation of text, audio, and visual cues can encode concepts through complementary
paths, which reduces the likelihood of memory decay and allows for more effective retrieval
during high-level reasoning tasks. Recent advances in representation learning, attention mecha-
nisms, and distributed architectures provide opportunities to unify heterogeneous data streams
and automatically infer latent structures that guide learners’ comprehension. Underlying these
technologies are mathematical frameworks that accommodate asynchronous and synchronous
modalities, enabling flexible training scenarios for various application domains such as scientific
education, domain-specific skill acquisition, and interactive tutoring systems. By bridging signal
processing, linguistic analysis, and psycholinguistic principles, multimodal learning by reading
systems address challenges related to information overload, ambiguity, and the abstract nature
of textual resources. Moreover, integrating memory-centric models with knowledge-based rea-
soning techniques can improve users’ ability to apply acquired knowledge in real-world settings.
This paper explores how the fusion of text, audio, and visuals in reading systems can strengthen
long-term knowledge retention and examines potential research directions for optimizing the
design of such systems.

1 Introduction

The design of learning systems that enhance long-term knowledge retention requires careful consideration of the
cognitive factors influencing how learners encode, store, and retrieve information [1]. By introducing multimodal
inputs such as text, audio, and visuals, researchers have sought to discover new methods of leveraging multiple
channels of perception to foster deeper comprehension and more robust memory traces. These memory traces
involve the formation of associations between an entity’s features in semantic, episodic, and procedural contexts
[2]. In formal terms, if the space of concepts can be denoted by C = {c1, c2, . . . , cn}, then the encoding of these
concepts into long-term memory corresponds to embedding them into a high-dimensional cognitive space H, where
multimodal cues contribute to constructing distributed representations. The fundamental cognitive models posit
that connections established between different sensory representations of a concept can reinforce recall, reduce
interference, and improve the learner’s capacity for extrapolation.

Advanced computation techniques have amplified the possibilities of fusing textual, auditory, and visual data
streams [3]. Let xt ∈ Rdt represent the textual feature vector of a concept, xa ∈ Rda represent its auditory feature
vector, and xv ∈ Rdv represent its visual feature vector. The objective within many contemporary architectures
is to learn a joint transformation z = f(xt,xa,xv) mapping into a latent space Z ⊆ Rd. The dimension d may
be selected based on the complexity of the concept domain, balancing model capacity with the constraints of
learning stability [4]. The function f may be decomposed into separate modules f1(xt), f2(xa), f3(xv), which are
then integrated through summation, concatenation, attention-based fusion, or factorization. For instance, one may



define z = σ(Wtf1(xt) +Waf2(xa) +Wvf3(xv)), where Wt,Wa,Wv denote weight matrices and σ is a non-linear
activation. The interplay among these transformations reflects how diverse modalities contribute complementary
information regarding the same concept.

In reading-based educational contexts, a key challenge arises from the necessity of effectively synchronizing
textual narratives with audio commentary and related visuals [5]. For extended periods, reading systems were
designed as text-centric platforms, while audio and visual elements were often supplemental or absent [6]. However,
as neural networks have made it feasible to align multiple streams automatically, developers can now produce more
cohesive learning experiences [7]. Observational evidence indicates that concepts communicated via a blend of
textual description, spoken explanation, and illustrative visuals may have a higher likelihood of retention, especially
in tasks requiring a detailed understanding of structure or functionality [8], [9]. Additionally, it is crucial to take
into account the temporal characteristics of audio data and the segmentation of visual data [10]. Let there be a

sequence of time steps {1, 2, . . . , T} over which auditory signals x
(t)
a and textual segments x

(t)
t are aligned. One can

formally treat this alignment process as minimizing a distance measure δ(x
(t)
t ,x

(t)
a ), ensuring that their respective

content is matched. Similarly, if visual data are represented by x
(t)
v for frames or images at discrete time steps, the

system must handle potential mismatches caused by asynchronous sampling and semantic discontinuities.
Parallel to these computational concerns, the cognitive basis for multimodal integration emphasizes the sig-

nificance of schema theory, working memory constraints, and hierarchical storage of knowledge [11]. A thorough
analysis involves the interplay between working memory buffers, which temporarily hold incoming information, and
long-term memory stores, which encode permanent representations. If we let W represent the working memory
store, then we may define a transition kernel p(st+1 | st,ut) that models how an internal state st evolves over time
given an external input ut. The vector ut encompasses integrated features from text, audio, and visuals at time t.
This dynamic state-space perspective helps formalize how new sensory observations update knowledge structures,
thereby laying the groundwork for analyzing memory consolidation, retrieval, and the formation of robust mental
models. [12]

Integrating multimodal cues into a reading-based platform also poses new technical challenges related to data
representation, alignment, and the design of neural or symbolic architectures for knowledge inference [13]. Struc-
tured knowledge representation schemes, such as directed labeled graphs or grounded relational frames, can be
particularly useful in capturing semantic relationships across modalities [14]. For instance, let G = (V,E) be a
graph whose nodes V represent concepts (or entities) and whose edges E represent relationships [15]. A node v ∈ V
might store attributes derived from xt,xa,xv, while edges reflect how certain concepts are connected in the do-
main. The synergy between graph-based symbolic representations and learned embeddings can potentially support
inductive reasoning, question answering, and advanced retrieval scenarios [16], [17]. In a logic-based formalism,
one might encode relational facts as Rel(ci, cj) for concepts ci and cj , which can then be fused with distributed
encodings through specialized modules.

Moreover, the capacity for an individual to retrieve learned knowledge after extended intervals is profoundly
influenced by the organization of conceptual knowledge in memory [18]. If we denote by µ(·) the memory trace
strength function, then the probability of successful retrieval of concept c after time interval τ may be expressed as
Pr(retrieve(c, τ)) = ϕ(µ(c)− βτ), where β is a parameter capturing forgetting dynamics and ϕ is a monotonically
increasing mapping. A multimodal learning by reading system can bolster the function µ(c) by strengthening
associations that are less susceptible to decay. Hence, the design of the system must not only incorporate advanced
fusion methods but also track how experiences (reading sessions, audio commentary, and visual demonstrations)
affect memory trace strength and recall latency [19].

This paper aims to elucidate how text, audio, and visuals can be systematically combined within the context
of learning by reading systems and why these combinations yield superior retention of knowledge [20]. There is
a growing recognition that purely textual approaches, while effective for many tasks, can be augmented through
integrative designs that expand learners’ sensorimotor resonance, help them build more detailed mental images, and
promote deeper understanding of cause–effect relationships [21]. The subsequent sections will examine fundamental
aspects of system architectures and multimodal fusion, the cognitive foundations that motivate these designs,
experimental frameworks to validate their effectiveness, and an overview of potential limitations and future research
avenues. [22]

2 System Architecture and Multimodal Fusion

Designing systems capable of blending textual, auditory, and visual data necessitates specialized models and com-
putational pipelines that facilitate feature extraction, alignment, and joint encoding [23]. The process begins
with the individual feature transformations for each modality [24]. If xt ∈ Rdt corresponds to embeddings de-
rived from advanced linguistic encoders, one might generate them by a function gt(w1, w2, . . . , wn) mapping tokens
(w1, . . . , wn) to a continuous feature space that captures syntactic and semantic properties of the text. Meanwhile,

28



xa ∈ Rda might correspond to features captured by a time-frequency representation of audio signals, such as mel-
spectrograms or hidden states of a recurrent network processing voice data. Visual data can be extracted with a
convolutional neural network or a vision transformer to produce xv ∈ Rdv .

The alignment challenge arises because textual segments, audio waveforms, and visual frames may not have
a one-to-one correspondence in either time or semantic granularity. A typical approach is to transform each

modality into a fixed-dimensional representation for each unit of meaning or event, denoted as x
(i)
t ,x

(i)
a ,x

(i)
v for

i ∈ {1, . . . , N}. Then, the system attempts to match these units using a cross-modal similarity objective [25]. One
can define an alignment cost [26]

Lalign =

N∑
i=1

N∑
j=1

ℓ
(
x
(i)
t ,x(j)

a ,x(j)
v

)
,

where ℓ is a function measuring the correspondence between textual, auditory, and visual encodings [27]. Minimizing
this cost encourages the model to discover consistent patterns across modalities, so that an idea expressed in the
text is linked to a particular segment of speech and the relevant visual cues [28].

Once these individual features are aligned, a variety of fusion strategies can integrate the signals [29]. A
frequently employed method is the concatenation approach, where fused embeddings [30]

z(i) =
[
Wtx

(i)
t ;Wax

(i)
a ;Wvx

(i)
v

]
,

are further processed by a fully connected layer or a recurrent module. Alternatively, attention-based fusion
can learn weights that signify the relative importance of each modality under specific contexts [31]. By letting

α
(i)
t , α

(i)
a , α

(i)
v represent attention weights, one can produce a unified embedding

z(i) = α
(i)
t u

(i)
t + α(i)

a u(i)
a + α(i)

v u(i)
v ,

where u
(i)
t ,u

(i)
a ,u

(i)
v are intermediate modality-specific representations. This approach captures how certain cues

might override others depending on the informational content and ensures that textual or visual signals can domi-
nate if they provide a clearer basis for comprehension. [32]

In reading by learning scenarios, knowledge retention can benefit from iterative refinement and memory-based
modules that preserve relevant information over extended sequences [33]. Let hi denote a hidden state in a recurrent
architecture, encoding the integrated representation after the i-th segment. Then the update equations might take
the form [34]

hi+1 = GRU(z(i),hi),

where GRU stands for gated recurrent unit or a similar recurrent function. The final hidden state could be used
to predict whether the concept is well-understood or whether additional information is necessary for reinforce-
ment [35], [36]. By associating hi with intermediate or final outputs, the system might generate clarifications,
recommendations of further reading materials, or revision strategies to enhance memory consolidation.

Architectural design decisions also extend to the choice of how to incorporate domain knowledge or symbolic
constraints [37]. In some systems, a knowledge graph is used to encode explicit relationships between entities,
thereby guiding the model to check for consistency or coverage of relevant topics. For instance, if the reading
material covers a particular scientific process, the system might ensure the correctness of references to causal
relationships by verifying edges in the graph [38]. Formally, if Causal(cx, cy) is a relational edge in a knowledge

graph, the system can cross-reference textual statements x
(i)
t that suggest a causal link. If ¬Causal(cx, cy) is

encoded in the knowledge graph, then the system should lower the alignment score for any textual, audio, or visual
references that contradict this established fact. Logical consistency checks can thus be integrated with the learning
of representation in a holistic pipeline. [39]

Crucially, these system architectures are not static; they adapt through training and continuous usage [40].
If a learning by reading system tracks user behavior, including reading speed, replays of audio clips, or repeated
viewing of certain images, it can glean feedback signals about which aspects of the material remain unclear [41].
Let π(at|ht) be a policy that selects actions at — for instance, presenting additional figures, restating certain text,
or playing an audio summary. A reinforcement learning approach might optimize a reward function [42]

r(at,x
(t)
t ,x(t)

a ,x(t)
v ) = RetScore(post-test results)− γ · TimeCost(at),

seeking to balance knowledge retention improvements against the temporal and cognitive overhead of presenting
supplementary materials [43]. In this manner, the architecture evolves to more efficiently integrate text, audio,
and visuals, customizing the learning experience for the individual to achieve higher retention levels with minimal
additional cost.
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In summary, system architectures for multimodal learning by reading revolve around the extraction, alignment,
and fusion of features from textual, auditory, and visual channels, with subsequent modules leveraging memory-
based mechanisms, symbolic constraints, and adaptive policies [44]. These structures collectively address the
complexities inherent in orchestrating multiple data streams, laying the groundwork for more cognitively coherent
experiences that can bolster the long-term consolidation of knowledge. [45]

3 Cognitive Foundations for Multimodal Integration

The theoretical rationale behind multimodal integration in learning by reading systems rests on well-established
principles from cognitive psychology and neuroscience, particularly regarding working memory and the encoding
specificity of knowledge [46]. Cognitive load theory, for instance, maintains that informational complexity can
overwhelm a learner’s capacity if not managed effectively, and that well-orchestrated presentation of different
sensory channels can avoid overloading a single modality [47]. Formalizing the phenomenon, let C(m) denote the
cognitive load incurred by modality m. If the total load is [48]

Ctotal =
∑

m∈{,audio,visual}

C(m),

then one might seek to minimize Ctotal subject to the constraint that all essential information is conveyed. By
distributing the load across modalities, learners can exploit parallel channels of processing, which fosters deeper
encoding of the content.

Another cognitive principle relevant to multimodal learning is the dual-coding theory, which posits that verbal
and nonverbal information is processed and stored through distinct cognitive systems [49]. Representing these
systems as sets V (verbal) and I (imagistic), the theory suggests that concepts encoded in both V and I have more
robust memory traces and are thus retrieved more easily. The presence of an auditory channel, often overlapping
with the verbal system, further contributes to elaboration [50]. The combined encoding can be examined through
a set-based approach: [51]

Encoded(c) =

{
1 if c ∈ V ∪ I
0 otherwise

and if Encoded(c) = 1 under multiple modalities, the recall probability tends to increase. This phenomenon provides
a psychological foundation for leveraging text, audio, and visuals to yield more concrete conceptual structures in
memory. [52]

From a neuroscience perspective, multisensory integration has been associated with specific cortical areas that
combine inputs from distinct sensory modalities [53]. Formally, one might model these areas as specialized trans-
formations [54]

a = A(xa), v = V (xv),

and
t = T (xt),

where A, V, T stand for neural encoding functions for auditory, visual, and textual signals. The integrated repre-
sentation [55]

m = M(t,a,v)

corresponds to the neuronal processes found in multisensory convergence zones [56]. Learning by reading systems
that incorporate these channels emulate, in part, the brain’s natural capacity for combining distinct forms of
sensory input [57]. While artificially constructed computational models cannot fully replicate biological processes,
they can be inspired by them to structure integration so as to emulate more natural, intuitively comprehensible
experiences [58], [59].

Memory theories, including the levels-of-processing framework, likewise provide insights into how different
modes of information presentation may encourage deeper semantic processing [60]. When a learner reads text,
listens to an explanatory clip, and observes related visuals, they may be forming multiple associative links with
prior knowledge [61]. Let the set of prior knowledge elements be denoted by K. If each new concept c is linked to
elements {k1, k2, . . . , kr} ⊆ K, we can define an association function

Assoc(c,K) =

r∑
j=1

str(kj , c),

where str is a function measuring the strength of the link between kj and c. The process of forming visual, textual,
and auditory associations expands Assoc(c,K) and thereby makes c more accessible in subsequent recall tasks.
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This synergy can be especially potent in domains where reading alone might be insufficient for constructing mental
imagery or for illustrating dynamic processes that demand temporal and spatial cues.

Error-driven learning mechanisms and generative models of cognition further support the value of multimodal
training signals [62]. In the generative view, the learner constructs hypotheses ĥ1, ĥ2, . . . about the material’s
meaning and tests them against the available sensory evidence. If the textual information suggests a particular
interpretation but the audio or visual channels introduce contradictory or refined cues, the learner experiences a
prediction error [63]

ε(ĥ,xa,xv),

which triggers hypothesis revision [64]. This iterative cycle continues until the evidence across modalities is rec-
onciled, resulting in a more refined understanding that has better retention properties [65]. Learning by reading
systems, in turn, can exploit this phenomenon by selectively presenting contradictory or complementary cues to
prompt deeper processing [66].

On the practical side, educators have long noted that diverse forms of input can cater to different learning
preferences [67]. However, a more rigorous computational perspective suggests that combining modalities leads
to an overlap in representational encodings that insulates knowledge traces from partial forgetting. If the textual
representation becomes partially inaccessible due to interference, a strongly associated audio or visual trace can aid
in retrieval by reactivating the relevant connections [68]. In formal terms, let prune(xt) denote a partial interference
that impairs the textual representation. The presence of xa and xv can restore the original concept by forming a
synergy

x′
t = h(prune(xt),xa,xv).

One might model h as a neural network that attempts to reconstruct textual embeddings from audio and visual
signals in the event of missing or degraded textual inputs [69].

These theoretical considerations inform design principles for multimodal reading-based learning environments
[70]. They highlight the importance of balancing sensory channel usage, avoiding cognitive overload, and orches-
trating the timing of cues to foster deep semantic encoding [71]. The synergy of text, audio, and visuals should be
harnessed to enrich comprehension, rather than burdening the learner with extraneous or redundant information
[72]. Thus, from a cognitive perspective, multimodal integration entails harnessing the complementary strengths
of distinct sensory encodings to generate robust memory traces, while mitigating interference and overload effects
[73].

4 Experimental Results and Analytical Framework

Practical demonstrations of multimodal reading systems typically involve controlled evaluations that quantify
retention, comprehension, and transfer of knowledge. In a standard experiment, one might recruit participants,
divide them into groups, and present reading material under different modality configurations: text-only, text-plus-
audio, text-plus-visuals, or text-plus-audio-plus-visuals [74]. Subsequent recall tests are administered after varying
time intervals to assess the rate of forgetting [75]. Let Score(τ) denote the average recall or comprehension score
at time τ post-study. The difference [76]

∆modality(τ) = Scoremultimodal(τ)− Scoretext−only(τ)

provides a measure of the performance gap between multimodal and traditional reading approaches [77]. Significant
positive values of ∆modality(τ) across multiple intervals underscore the efficacy of multimodal designs.

During the experiment, researchers may also capture secondary variables, such as reading time, number of
replays for audio clips, or gaze-tracking data that reveal where participants focus visually [78]. Statistical models
might be employed to account for individual differences and potential confounding factors [79]. For instance, a
hierarchical model can be proposed as

Scorei(τ) = β0 + β1 · Conditioni + β2 · ReadingTimei + β3 · CognitiveIndexi + ϵi,

where Conditioni might be an indicator variable for the modality condition of participant i, ReadingTimei measures
how long participant i spent on the material, and CognitiveIndexi could account for prior domain knowledge or
general aptitude. Such a model can reveal how much of the variance in scores is attributable to the presence of
audio and visuals, after controlling for other influences. [80]

Analyses have consistently shown that combined audio-visual-textual presentations can yield higher immediate
comprehension and slower decay rates for learned information [81]. Let βdecay represent the forgetting parameter,
such that

Score(τ) = S0 · exp(−βdecayτ).
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Lower values of βdecay indicate more persistent retention. Empirical findings suggest that βdecay tends to be smaller
for multimodal conditions than for text-only settings, consistent with the principle that multiple encodings offer
redundancy and deeper semantic links. The effect sizes, however, can vary depending on factors such as the
complexity of the material, the coherence between the modalities, and the learners’ familiarity with the domain
[82].

Additional analyses often examine transfer tasks, where participants apply the studied knowledge to new prob-
lems or scenarios [83]. If the reading system fosters a strong conceptual understanding, the improved retention
should manifest as superior performance in tasks requiring inference or problem-solving, not just recall of specifics
[84]. Formally, if TransferScore is a function evaluating how well participants generalize their knowledge to novel
tasks, one might define

TransferScore =

M∑
k=1

I
(
correct application of ck

)
,

where I is an indicator function, and ck are relevant concepts from the domain [85]. Multimodal conditions, by
offering multiple representations of each concept, are hypothesized to yield higher TransferScore. Some studies
confirm that participants who learn via combined modalities can more flexibly manipulate the learned knowledge
in new contexts, an outcome that underscores the inherent synergy of multiple sensory encodings.

Beyond human-subject experiments, analytical frameworks are employed to dissect the computational under-
pinnings of the observed advantages [86]. In synergy with the principles of representation learning, one can define
a distribution p(z|c) that describes how the latent embedding z is formed for concept c. Different modalities shape
this distribution by providing complementary constraints [87]. The posterior distribution after observing textual
data xt might be p(z|xt), which can be further refined upon observing audio xa to form p(z|xt,xa). A suitable
measure of the synergy might be the mutual information [88], [89]

I(xt,xa,xv; z),

which quantifies how much the modalities collectively inform the latent representation [90]. If z captures essential
features of a concept, then higher mutual information should correlate with stronger retention. This aligns with
the perspective that multiple channels of evidence reduce uncertainty in the internal model, leading to embeddings
that are more stable and less susceptible to drift or forgetting. [91]

Complementary lines of research address how best to structure the presentation of multimodal content in a
reading interface. In some experiments, visuals are introduced incrementally, providing partial glimpses that the
learner integrates over time [92]. Textual highlights or audio prompts can direct the user’s attention to critical
areas in an image or a diagram, systematically reinforcing the mapping between textual assertions and their visual
referents [93]. In an ideal scenario, if Focus(t) denotes the user’s point of attention at time t, the system can adapt
the sequence of visuals to ensure that Focus(t) aligns with the relevant part of the text or audio track, ensuring
coherence. The synergy arises when the system exploits user interaction data — such as eye-tracking, mouse
movements, or time spent on a particular paragraph — to guide the arrangement of visual or audio cues [94]. The
result is a dynamic reading environment that orchestrates text, audio, and visuals in a manner that maximizes
both immediate comprehension and long-term retention. [95]

5 Discussion of Model Limitations and Future Directions

While empirical and theoretical evidence supports the efficacy of integrating text, audio, and visuals, several
limitations persist, and further research is required to refine and expand the capabilities of multimodal learning by
reading systems [96]. One constraint is the inherent variability of users’ cognitive styles [97]. Although averaging
across a large population might reveal benefits from multimodal approaches, certain individuals may become
overwhelmed or distracted by extraneous cues. Formally, we can denote Distract(m) as the distraction factor
for modality m. If Distract() < Distract(,audio, visual) for a subset of learners, these learners might experience
hindered comprehension in the fully multimodal condition. An adaptive mechanism that personalizes the level of
multimodality based on user feedback and performance metrics is thus desirable. [98]

Another challenge arises from content alignment [99]. For highly abstract or symbolic domains, it may be
difficult to produce meaningful visuals or auditory cues that truly capture the essence of the material [100]. The
audio track might do little more than restate the text, and visuals might be purely ornamental if not carefully
chosen to illuminate the textual discussion [101]. This alignment problem can be framed as an optimization of the
form [102], [103]

max
A,V

{
Relevance(A, V,xt)− Cost(A, V )

}
,

where Relevance measures how much audio (A) and visuals (V) contribute to clarifying xt, and Cost represents the
effort needed to produce or process these modalities. Future developments might focus on automated generation
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of relevant diagrams, animations, or conceptual maps from textual input, leveraging advanced image or video
synthesis techniques [104]. However, these methods must ensure fidelity to the source material and avoid the risk
of generating misleading or inaccurate visuals.

In terms of computational modeling, the majority of current work on multimodal fusion relies on data-driven
neural architectures [105]. While highly flexible, these architectures often lack transparent interpretability [106].
A black-box model might be quite effective at predicting test scores or optimizing certain objective functions,
but it can be difficult to understand precisely how the system combines text, audio, and visuals or to verify its
adherence to logical constraints [107]. Symbolic methods could address this gap by enabling the system to express
intermediate inference steps, but incorporating them in large-scale neural frameworks remains non-trivial [108].
One line of future research might explore hybrid systems that combine differentiable modules for high-dimensional
feature processing with rule-based or logic-based modules that can verify constraints and explain decisions in
a structured, interpretable format [109]. In such systems, statements might be represented as logical formulas
Φ(ci, cj) that specify relationships among concepts, and the neural embedding modules might be expected to align
with these formulas in a consistent manner. [110]

Another avenue for advancement is the integration of user interaction as a critical feedback loop. While many
systems rely on one-shot presentations of text, audio, and visuals, real-world learning is iterative and adaptive
[111]. If we define user interaction variables ui capturing highlights, questions, or corrections, the system can refine
its future presentations. For instance, if the user frequently queries a certain concept, the system can infer that the
concept is insufficiently explained or remains cognitively opaque [112]. Then it might generate new visual examples,
slower-paced audio elaborations, or textual expansions tailored to that concept [113]. Over time, this adaptivity
could lead to a reading environment that continuously personalizes multimodal content, maximizing retention
while respecting the user’s bandwidth and preferences [114]. However, implementing such a system requires a more
complex control policy that balances the immediate desire to clarify material with the overall progression through
the content. [115]

Scalability also remains a concern, particularly for domains requiring extensive audiovisual support [116]. Gen-
erating or curating large-scale corpora of aligned, high-quality text, audio, and visual data can be expensive.
Automated approaches for annotation and alignment continue to improve, but perfect alignment remains elusive,
especially for open-ended reading materials that cover a broad range of concepts [117]. Additionally, verifying the
correctness of automatically generated content is non-trivial [118]. For complex technical or scientific domains,
an error in the visuals or a misalignment in the audio track might have severe consequences for the learner’s un-
derstanding [119]. Thus, rigorous quality control, possibly via human experts or advanced validation protocols, is
indispensable. [120]

Lastly, broader research needs to examine the potential for multimodal reading systems to integrate with
extended educational ecosystems, including interactive simulations, collaborative problem-solving platforms, and
large-scale digital libraries [121]. A comprehensive environment might combine reading-based instruction with
interactive modules that allow learners to manipulate variables, run experiments, or engage in structured debates
[122]. In such scenarios, text, audio, and visual inputs constitute just one facet of a broader ecosystem designed to
optimize knowledge acquisition and retention. Linking a reading-based system to these external tools could further
strengthen the learner’s mental models, bridging the gap between theoretical knowledge and practical application.
[123]

6 Conclusion

In conclusion, integrating text, audio, and visuals in learning by reading systems holds promise for enhancing long-
term knowledge retention and deepening comprehension [124]. By capitalizing on the complementary strengths
of multiple sensory channels, these systems can foster richer mental representations that prove more resilient to
forgetting [125]. Theoretical underpinnings from cognitive psychology, such as cognitive load theory, dual-coding
theory, and the levels-of-processing framework, align well with the computational approaches that unify different
modalities into shared latent spaces [126]. Empirical studies further substantiate the efficacy of such systems,
demonstrating improved recall rates, better transfer to novel tasks, and a reduced rate of decay in memory traces.
[127]

The underlying computational techniques revolve around advanced feature extraction, alignment procedures,
attention-based fusion, and memory-enriched architectures [128]. These components ensure that text, audio, and
visuals can be effectively synchronized, preserving semantic coherence and allowing for dynamic adjustments based
on learner interaction. Symbolic representations or logic-based constraints can be layered atop neural embeddings
to ensure logical consistency, interpretability, and domain-specific correctness [129]. The resulting multimodal envi-
ronment not only supplies learners with concrete, illustrative depictions of abstract concepts but also compensates
for partial memory degradation by offering alternative pathways for retrieval. [130]
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Nonetheless, adopting these multimodal approaches brings to the fore several open questions [131], [132]. Vari-
ations among learners may necessitate adaptive or personalized systems that calibrate the levels of multimodality
to user preferences and cognitive capacities [133]. Automated generation of high-quality audio and visual content
must also be approached carefully, balancing the benefits of enriched presentations against the risks of inaccuracies
or information overload [134]. Interpretability and alignment with symbolic knowledge structures represent further
frontiers that invite hybrid solutions merging neural architectures with explicit reasoning. By systematically ad-
dressing these concerns, future research can refine multimodal learning by reading systems into powerful platforms
that efficiently consolidate information, maintain conceptual clarity across extended time spans, and ultimately
transform how individuals assimilate and retain complex knowledge. [135]
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