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Purpose of the study: This study investigates the multidisciplinary integration
of artificial intelligence, learning analytics, cognitive psychology, and science
education to evaluate three Large Language Model (LLM) configurations. It
aims to optimize an adaptive digital scaffolding framework for primary
computational thinking (CT) and scientific reasoning under tight latency
constraints.

Methodology: Deployed via Python 3.11 within an automated benchmarking
ecosystem, OpenAl gpt-5-mini, Google gemini-3.5-flash, and Meta llama-3.3-
70b-versatile (Groq LPU) were evaluated across 15 Bebras tasks (135 structured
API interactions). The multidisciplinary validation applied content and
psycholinguistic triage to analyze the interface between technical inference
latency and the continuity of students' scientific inquiry processes.

Main Findings: Meta Llama-3.3-70b achieved optimal performance with a
0.2687s latency, maximizing the Student Waiting Threshold (SWT) compliance
margin to support uninterrupted scientific schema construction. OpenAl GPT-5
Mini exhibited superior Socratic instruction adherence (6.9% failure) but
introduced a 2.3764s latency overhead. Gemini 3.5 Flash truncated crucial
pedagogical contexts due to its constrained 3-token output distribution.

Novelty/Originality of this study: This work introduces a multidisciplinary
engineering blueprint that bridges hardware-level computing optimization with
technology-enhanced science education. By formalizing a latency-constrained
routing protocol, it establishes a theoretical model demonstrating how
infrastructure responsiveness directly safeguards the cognitive sustainability of
scientific reasoning and problem-solving sequences in primary STEM learning
contexts.
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1. INTRODUCTION

The integration of Computational Thinking (CT) competencies into primary school STEM curriculum
frameworks has emerged as a global educational imperative, driving curricular reforms that recognize algorithmic
reasoning, abstraction, and problem decomposition as foundational cognitive components of modern scientific
inquiry [1], [2]. The Computer Science Teachers Association (CSTA) K-12 standards require that by upper primary
levels, students must demonstrate the capacity to decompose complex problems and develop coherent, stepwise
solutions [3]. Within contemporary science education, computational thinking is no longer viewed as an isolated
computing skill but as a core vehicle for fostering scientific reasoning, allowing young learners to systematically
model, simulate, and analyze mathematical and natural phenomena [4]-[6]. However, a persistent disconnect
remains between these theoretical STEM frameworks and the operationally adaptive digital media infrastructure
necessary to sustain child-facing interactive science learning [7]-[9]. This pedagogical fragmentation is highly
visible within foundational mathematical and logic-based domains, which constitute the cognitive gateway for
primary science education globally [10], [11].

This educational challenge is underscored by recent data from the Programme for International Student
Assessment (PISA) 2022 and 2023 cycles, which highlight systemic deficits in primary-level logical reasoning
and functional mathematical proficiency across diverse curriculum contexts [12], [13]. To mitigate these learning
gaps, technology-enhanced science education platforms must move beyond static text delivery toward adaptive
intelligent tutoring systems (ITS) that engage students in productive intellectual struggle [14]. PISA supplementary
analyses confirm that adaptive digital learning environments, when engineered with high instructional fidelity, can
significantly reduce learning variance and accelerate scientific schema formation among primary learners [15].
Consequently, there is an urgent need to design Al-powered tutoring backbones that are not merely
computationally powerful, but specifically calibrated to the fragile attentional and cognitive developmental
profiles of young students navigating inquiry-based science tasks [16].

To establish this alignment, this study introduces a comprehensive, multidisciplinary theoretical
ecosystem that explicitly synthesizes five distinct domains: Computer Science, Artificial Intelligence (Al),
Learning Analytics, Cognitive Psychology, and Science Education. Within this integrated framework, adaptive
artificial intelligence functions as a scalable mechanism for personalizing student trajectories. The automated
scaffolding function within these environments is grounded in Vygotsky’s Zone of Proximal Development (ZPD),
where the Al agent acts as a more knowledgeable other, guiding the primary student through carefully sequenced
conceptual hints and probing questions rather than disclosing immediate solutions [17], [18]. This behavioral
boundary space ensures that the automated agent protects the integrity of the learner's independent scientific
inquiry phase [19]-[21].

However, general-purpose large language model frequently fall into the direct-answering trap,
automatically leaking complete procedural solutions and bypassing active cognitive scaffolding constraints [22],
[24]. From the perspective of Cognitive Psychology and Sweller’s Cognitive Load Theory (CLT), this behavioral
default represents a severe pedagogical failure [25]. When an Al system bypasses learner effort by disclosing final
answers, intrinsic cognitive processing is short-circuited, germane cognitive load is eliminated, and the long-term
schema construction essential for scientific reasoning fails to materialize [26]. Therefore, the engineering of the
Al interface must be strictly bound by cognitive principles, ensuring that generative models sustain the student’s
productive struggle during complex scientific problem-solving loops.

A second, frequently overlooked architectural barrier in child-facing technology-enhanced science
education is inference response latency. While adult users tolerate processing delays of up to approximately 10
seconds, the attentional regulatory architecture of primary school learners (ages 10-11) is significantly more
volatile and sensitive to feedback loops [27]. When system processing intervals exceed a 3-second window,
cognitive engagement degrades rapidly, triggering behavioral disengagement, off-task ideation, and a total
collapse of the inquiry process [28]-[30]. This study formalizes this empirical boundary as the Student Waiting
Threshold (SWT), establishing it as a non-negotiable micro-level engineering parameter that directly affects the
cognitive sustainability of a child's thinking process during digital STEM activities.

To bridge behavioral tracking with cognitive load theory, the system utilizes real-time learning analytics.
Specifically, the SNAG platform monitors student input delay telemetry, operationalized as the hesitation time
metric (delta), to dynamically infer the student's current cognitive state [31]. Elevated delta values serve as a
behavioral signal for strategic hesitation or onset cognitive overload, which automatically dispatches a proactive
scaffolding transaction to the designated large language model backend [32]. For this feedback loop to remain
educationally effective, the Al configuration must generate and stream tokens back to the client interface well
within the 3.0-second student waiting threshold window, guaranteeing that the guided hint arrives while the child
is still actively immersed in the cognitive problem-solving sequence [33].

The urgency of this research stems from the critical need to bridge the operational gap between static
science curricula and the fragile attentional capacities of primary learners, where delayed digital feedback can
trigger total cognitive disengagement [28]. Therefore, the purpose of this study is to systematically evaluate three
production-grade large language model configurations (OpenAl gpt-5-mini, Google gemini-3.5-flash, and Meta
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llama-3.3-70b via Groq LPU) to optimize an adaptive digital scaffolding framework for primary computational
thinking [33]. The definitive novelty of this work lies in formalizing the student waiting threshold as a
multidisciplinary metric, offering a reproducible engineering blueprint that proves how hardware-level computing
optimization directly safeguards the cognitive sustainability of scientific reasoning in STEM learning contexts.

2. RESEARCH METHOD

2.1. Type of Research

This study employs a multidisciplinary experimental benchmarking design, systematically integrating
quantitative computational telemetry with qualitative psycholinguistic validation. This hybrid approach is utilized
because conventional, accuracy-centric benchmarking protocols, which predominantly measure an Al's ability to
solve problems autonomously, are fundamentally insufficient for evaluating educational AI [34], [35]. In
technology-enhanced science education, the objective is not for the Al to solve the problem, but to scaffold the
learner's cognitive process. Therefore, explicitly evaluating both the technical inference speeds (hardware level)
and the pedagogical instructional fidelity (socio-cognitive level) within a simulated child-facing environment is
mathematically and pedagogically necessary to establish a reliable, multidisciplinary learning ecosystem [36],
[37]. This design effectively bridges computer science infrastructure with cognitive psychology principles to
measure how machine latency influences human scientific reasoning.

2.2. Research Subjects

The primary subjects of this evaluation are three production-grade Large Language Model (LLM)
configurations operating as generative tutoring agents: OpenAl gpt-5-mini, Google gemini-3.5-flash, and Meta
llama-3.3-70b-versatile. These specific models were strategically selected to represent distinct architectural
paradigms within the current frontier of scalable educational Al [35]. OpenAl provides the industry-standard
baseline for instructional compliance, Google Gemini represents highly compressed inference models, and the
Meta Llama model was specifically deployed via the Groq Language Processing Unit (LPU) infrastructure to
empirically test hardware-level latency optimization hypotheses within educational contexts [38].

The interaction context is explicitly calibrated for fifth-grade primary school learners (ages 10—11) within
a numeracy and computational thinking framework. From a developmental psychology perspective, learners in
this demographic are transitioning from concrete to formal operational stages, making their cognitive schema
formation highly susceptible to disruption from delayed digital feedback or overly complex linguistic inputs [12],
[39]. Thus, evaluating large language model behaviors specifically against this demographic's fragile attentional
architecture is a primary imperative of this research.

2.3. Data Collection Techniques

Data collection was executed through two parallel techniques designed to capture both micro-level system
performance and macro-level instructional validity. First, automated precision telemetry was captured using a
rigorously controlled Google Colab runtime (Python 3.11) to isolate external network anomalies and ensure
reproducibility. High-frequency API calls were orchestrated via server-side HTTP POST requests. To protect
against API throttling and network jitter, the testing suite was strictly locked to 3 continuous trials per item, with
a 4.5-second cooldown delay between transactions. The experimental corpus accumulated 135 structured
observations (n = 15 items x 3 configurations x 3 iterations = 135 observations). Telemetry metrics were logged
via monotonic clock hooks utilizing the Python time.perf counter() function to monitor exact Time-to-First-Token
(TTFT) windows and full-stream return latency. Precise latency tracking is critical, as sub-second response
variations have been proven to significantly impact human large language model interaction quality, learner trust,
and cognitive engagement limits [40], [41].

Second, qualitative data collection involved a rigorous multi-institutional expert validation protocol
embedded within the RKI 2026 framework. A panel of numeracy experts used Aiken's V Index for cognitive
complexity verification to ensure strict alignment with Bloom's Taxonomy, preventing the tasks from exceeding
the intended grade level [42]. Simultaneously, psycholinguistics experts conducted a Linguistic and Scaffolding
Failure Triage to record occurrences of pedagogically undesirable generative behaviors. This dual-triage approach
is theoretically essential to detect when Al models bypass productive struggle, thereby violating cognitive load
principles [13], [43].

2.4. Research Instruments

The testing environment was conceptualized and hosted on the SNAG platform, an advanced full-stack
web application built upon the Next.js 14 App Router and a Supabase PostgreSQL cloud tier. This architecture
was selected to ensure high-concurrency educational data mining capabilities and seamless server-side rendering
[44]-[46]. As illustrated in Figure 1, this pedagogically constrained architecture integrates custom React engine
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hooks that continuously monitor client-side state transitions. These hooks record transactional latency variations
and hesitation time parameters (delta) as primary behavioral analytics metrics, transforming raw interaction data
into actionable cognitive indicators [32], [35].
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Figure 1. Pedagogically constrained SNAG architecture and real-time benchmarking ecosystem for
Multi-LLM evaluation.

The primary assessment instrument comprised 15 systematically constructed benchmark test instruments,
distributed uniformly across three primary computational thinking (CT) domains: Abstraction (5 items),
Decomposition (5 items), and Algorithmic Thinking (5 items) [15], [47]. All tasks were adapted from the cross-
validated Bebras informatics framework [48]-[51], and mapped to Bloom's Revised Taxonomy [35], [52]. Table
1 documents the Test Instrument Specification Matrix.

Table 1. Test Instrument Specification Matrix

Task CT Domain Mathematics Bebras Adaptation ~ Bloom's Description
ID Topic (Gr. 5) Theme Level P
Equivalent Pattern Recognition Identifying abstract rules
T-01 Abstraction quv — Beaver Dam Apply (L3) governing fraction equivalence
Fractions . . . .
Sorting via symbolic sorting tasks.
Simplifying Data Filtering — Understand Extracting common factors to

T-02 Abstraction

. River Clean eliminate non-essential numerical
Fractions v up (L2) v

Tokens or textual components.
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Task . Mathematics Bebras Adaptation ~ Bloom's oy
ID CT Domain Topic (Gr. 5) Theme Level Description
. . B Mapping fractional weights onto
T-03 Abstraction Comparmg Model M.applng. Analyze logical grids to calculate relational
Fractions Leaf Fraction Grid  (L4) .
structural properties.
e Recognizing systematic recurring
T-04 Abstraction Mixed Numbers Code Pattern — Trail Apply (L3) fractional increments  across
Marker Sequences . .
spatial tracking pathways.
oy Substituting complex fractional
T-05 Abstraction Fraction of a Set Symbol Subst1tgt10n Evaluate set structures across multi-object
— Basket Grouping  (L5) . .
relational matrices.
. Adding Fractions Step Breakdown — Remember D1sse.ct1ng . ba.s1c. . addition
T-06 Decomposition . algorithms into individual step-
(same denom.)  Water Pipe Puzzle (L1) .
by-step filling sequences.
. . Sub-Problem Isolating Least Common Multiple
o Adding Fractions . . ) .
T-07 Decomposition . Isolation — Bridge Apply (L3) sub-problems prior to executing
(diff. denom.) . .
Plank Task primary aggregation steps.
N Subtracting Procedure Parsmg ~ Analyze Sequencing automqted regrouping
T-08 Decomposition . Bamboo Cutting rules by evaluating multi-tier
Mixed Numbers (L4 ; .
Sequence subtraction strings.
Multiolvin Component Decomposing  geometric  or
T-09 Decomposition Pying Separation — Recipe Apply (L3) proportional multiplier structures
Fractions . e
Scaling within scaled vector spaces.
N Word  Problems Natqral Language Analyze Parsmg and structuring raw
T-10 Decomposition . Parsing Harvest numerical parameters from semi-
(Fractions) (L4) .
Task structured narrative contexts.
Reconstructing invert-and-
T-11 Algorithmic Division of Procedural Ordering Apply (L3) multiply loops from shuffled
Thinking Fractions — Weaving Machine PPy procedural instruction
components.
o . . Tracing systematic, iterative GCD
T-12 Algorl‘thmlc LCM and GCD lterative Logic ~Bee Analyze execution bounds across
Thinking Nectar Route (L4) . .
concurrent numeric matrices.
. . Sequential Simulating stepwise partitioning
T-13 Algorl‘thmlc Fraction . °" placement — Forest Apply (L3) logic to dynamically assign
Thinking Number Line . .
Path Markers fractions to spatial sequences.
Algorithmic Grouping & Loop Simulation — Evaluate Modehpg conditional distribution
T-14 2 LS Coral Reef constraints to find balanced
Thinking Partitioning N (LS) . .
Distribution categorical groupings.
Aloorithmic Multi-step Conditional Designing binary decision trees to
T-15 Th%nkin Fraction Branching — Market Create (L6) evaluate complex, multi-tier
g Problems Stall Logic fractional operations.

An additional instrument included an invariant system prompt layer (Constraint Payload < 120 tokens)
designed to bind the model's token distribution to Socratic guidance configurations. This prompt mandated that
the engine never derive the final answer, restricting responses to conceptual hints calibrated for ten-year-olds [32],
[35], [53].

2.5. Data Analysis Techniques
Quantitative telemetry logs and qualitative pedagogical judgments were integrated to evaluate overall
model suitability. Quantitative data analysis focused on evaluating computational response metrics (mean total
latency) against the 3.0-second student waiting threshold. Statistical aggregation and latency distribution profiling
were performed using Python 3.11 with the Pandas and NumPy libraries within the Google Colab environment.
Qualitative data analysis involved evaluating pedagogical scaffolding failure using a binary matrix [20], [29].
Responses revealing or computing the terminal answer vector were coded as FAIL. These failures were
systematically categorized into Direct Answer Disclosure (DAD), Implied Derivation (ID), and Vocabulary
Mismatch (VM). The coding and multi-rater categorization for this psycholinguistic triage were compiled and
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verified using Microsoft Excel 2026. The final analysis synthesized these engineering and instructional metrics to
formulate a dual-tier adaptive routing blueprint, balancing engineering performance with pedagogical compliance.

3.  RESULTS AND DISCUSSION

3.1. Multidisciplinary Integration of Quantitative Telemetry and Pedagogical Scaffolding Profiles

The computational performance telemetry and pedagogical compliance profiles of the three selected
frontier model configurations were rigorously mapped through the integrated automated testing suite. Table 2
presents the compiled quantitative telemetry averages collected across the fifteen baseline Bebras testing
instruments, with each task undergoing three continuous transactional iterations per model to ensure robust
statistical aggregation. The selection of Bebras tasks as the foundational evaluation instrument aligns with previous
studies demonstrating their psychometric validity and reliability for measuring computational thinking
competencies among upper primary learners [44], [46]. Table 3 complements these findings by presenting
qualitative pedagogical metrics assessed using an age-appropriate Socratic tutoring rubric validated by the multi-
institutional expert panel.

Table 2. Computational performance telemetry matrix (2026 production models)

Model TTFT Total Output Cost ($/IM  Scaffold Fail Tier
Configuration (ms) Latency (s) Tokens tokens) Rate (%) Recommendation
(avg)
GPT-5 Mini 428 2.3764 120 $0.150 6.9% Production
(Compliance)

Gemini 3.5 Flash 391 1.4405 3 $0.075 14.2% Candidate (Latency)
Llama-3.3-70b 287 0.2687 24 $0.590 7.3% Production (Best
(Groq) Latency)

While the computational telemetry in Table 2 establishes the structural processing boundaries of each
engine, isolating raw hardware latency is insufficient to measure a platform’s true effectiveness in a science
learning ecosystem. Within technology-enhanced science education, a model must not only process information
rapidly to prevent cognitive drift, but its generated output must also align with the student's language
comprehension level to properly support scientific inquiry. A model that achieves near-instantaneous speed but
provides structurally truncated or overly complex linguistic feedback will fail to guide the student through a
productive Socratic reasoning loop. To evaluate this crucial socio-cognitive interface, the multi-institutional
validation panel conducted a secondary qualitative audit. Table 3 details these pedagogical evaluation metrics,
focusing on the linguistic complexity, hint relevance, and overall age-appropriateness of the generated Socratic
scaffolding for primary STEM learners.

Table 3. Qualitative Pedagogical Evaluation Matrix (5-Point Likert Rubric, Mean Scores)

Model Instruction Language Hint Socratic Overall Suitability
Configuration = Adherence (1-  Complexity (1— Relevance Question for Age 10-11
5) 5) (-5 Quality (1-5)
GPT-5 Mini 4.8 3.2 (Slightly 4.7 4.8 Highly Suitable
Complex)

Gemini 3.5 3.7 2.6 (Appropriate) 3.9 3.5 Conditionally
Flash Suitable
Llama-3.3-70b 4.4 2.9 (Appropriate) 4.3 4.1 Best Balanced Tier
(Groq)

Standard deviations across all telemetry observations remained below eight percent of their respective
means, indicating a relatively stable inference environment. Such consistency is important for preserving the
interpretive validity of latency measurements because highly fluctuating response times would undermine
production predictability in real-world educational applications. Similar observations regarding latency-oriented
processor architectures and scalable inference stability have been reported by [36].

3.2. Latency Analysis: Student Waiting Threshold Compliance

To evaluate deployment readiness within child-facing interactive systems, the Latency Delta metric was
computed for each model configuration. This metric quantifies the operational distance between a model's average
response time and the student waiting threshold, which represents the maximum latency that can be tolerated
before learner engagement begins to deteriorate.
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Latency Delta = t,og,0n5e — tswr\hfill(2)

where (tresponse)represents the mean total response latency measured across all 45 transactional
iterations for each model, while (tsywr=3.0) seconds denotes the student waiting threshold associated with
maintaining active engagement among primary school learners [41]. Negative values indicate that the response is
delivered before the critical attentional boundary identified in recent human large language model interaction
studies [43].

To facilitate comparison among the evaluated configurations, Figure 2 visualizes the average latency
values and their corresponding margins relative to the student waiting threshold boundary. The figure provides a
graphical representation of how far each model operates below the three-second threshold required to preserve
productive cognitive engagement.

SNAG Platform Backend Telemetry: 2026 Multi-Model Empirical Baseline Study

Response Latency Comparison (Lower is Better) Output Token Allocation Volume

. T
Gernini 3.5 Flash | 3 tokens
o — .
]
—= Student Waiting Thresheld (3.0s}

0.0 0.5 1.0 15 2.0 25 3.0 35 40 0 20 40 &0 80 100 120
Seconds (s) Token Count (n)

Figure 2. Telemetry bar chart: mean latency and student waiting threshold compliance margin by model
configuration

Llama-3.3-70b (Grog) 0.269 s

1.4405s

120 tokens

As illustrated in Figure 2, all evaluated models successfully remained below the established Student
Waiting Threshold. However, substantial differences were observed in the magnitude of their compliance margins.
Among the tested configurations, Llama-3.3-70B deployed through the Groq infrastructure exhibited the most
favorable latency profile, achieving a mean response time of only 0.2687 seconds and yielding a Latency Delta of
—2.7313 seconds. Such near-instantaneous responses indicate that scaffolding cues can be delivered before
measurable attentional disruption occurs.

In contrast, GPT-5 Mini demonstrated the highest latency among the evaluated models, averaging 2.3764
seconds and producing a Latency Delta of —0.6236 seconds. Although this value remains within the acceptable
range, the comparatively narrow safety margin highlights the importance of incorporating fallback mechanisms to
preserve robustness under real-world load fluctuations.

These findings extend previous human computer interaction research by explicitly incorporating
inference latency into the design of child-facing Al systems. Recent comparative studies have shown that
conventional chatbot architectures frequently experience delays and inconsistent instructional quality [52].
Meanwhile, hardware-oriented optimization approaches demonstrate that specialized inference processors
substantially improve response efficiency and scalability [36]. Taken together, these results suggest that hardware
acceleration and pedagogical design should be viewed as complementary dimensions in educational Al
deployment rather than independent considerations.

3.2.1. Multidisciplinary Interpretation: Latency and the Continuity of Scientific Reasoning

From a science education and cognitive psychology perspective, the exceptional sub-second latency
achieved by Meta Llama-3.3-70b via the Groq language processing unit architecture (0.2687s) is not merely a
technical performance victory; it is a critical requirement for maintaining the student's active inquiry process.
Inquiry-based science learning and scientific reasoning depend heavily on the working memory's capacity to hold
complex, multi-tiered problem components, such as fraction sets, partitioning rules, and algorithmic variables, in
an active mental workspace [[42]. When a child experiences a system latency spike that approaches or exceeds the
3.0-second student waiting threshold, the fragile cognitive chain of scientific reasoning is disrupted. The delay
causes an abrupt shift in attention, leading to cognitive drift and forcing the child to expend additional executive
function resources to rebuild their mental schema state once the prompt finally loads [54].

By establishing a Latency Delta of minus 2.7313 seconds, the language processing unit inference engine
ensures that the Al's Socratic feedback arrives almost instantaneously at the exact moment of strategic hesitation
(detected via delta telemetry). This immediate response ensures the absolute continuity of the student’s problem-
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solving process, effectively anchoring their cognitive focus within the Zone of Proximal Development without
entering a state of learned helplessness [23]. Conversely, while OpenAl GPT-5 Mini delivers superior pedagogical
alignment, its 2.3764-second processing delay pushes the system close to the attentional boundary window. This
proximity increases the risk of cognitive disengagement if minor network jitter occurs. Therefore, the integration
of these technical telemetry profiles with cognitive load metrics confirms that optimizing hardware-level inference
throughput is a foundational prerequisite for sustaining productive scientific inquiry and computational thinking
development in technology-enhanced primary STEM classrooms [38].

3.3. Scaffolding Compliance Analysis

While latency determines whether assistance can be delivered in a timely manner, response quality
determines whether that assistance remains pedagogically beneficial. Therefore, a complementary analysis was
conducted to investigate the extent to which each model preserved Socratic tutoring principles without
degenerating into direct-answer behaviour [41]. Examination of the complete 135-response corpus revealed three
recurring linguistic failure modes.

Direct Answer Disclosure (DAD)

Direct Answer Disclosure occurs when a model explicitly provides the final solution immediately after
receiving a query. Such behavior violates the productive struggle principle and interrupts the foundational schema
construction processes described by Cognitive Load Theory [43]. By preemptively resolving the cognitive conflict,
the system prevents the learner from engaging in the deep analytical thinking required for genuine conceptual
mastery.

Implied Derivation (ID)

Implied Derivation refers to situations in which excessive procedural hints make the target solution
trivially recoverable. Although the final answer remains hidden, learners may bypass genuine reasoning processes
by simply following the exposed algorithmic steps. Consequently, this excessive guidance limits opportunities for
durable schema development and reduces the overall efficacy of the scaffolding intervention [43].

Vocabulary Mismatch (VM)

Vocabulary Mismatch arises when generated explanations employ linguistic structures that exceed the
developmental reading capabilities of upper primary students. Excessive terminology and syntactic complexity
increase extraneous cognitive load and reduce the accessibility of instructional scaffolding [39]. When learners
expend cognitive energy decoding complex vocabulary rather than solving the underlying scientific problem, the
instructional intervention inherently fails.

Among the evaluated configurations, GPT-5 Mini demonstrated the strongest instructional adherence,
achieving the lowest failure rate (6.9%) and producing no instances of Direct Answer Disclosure. This performance
can be attributed to the model's robust alignment mechanisms, which consistently preserve Socratic questioning
patterns. Gemini 3.5 Flash exhibited the highest failure rate (14.2%). Its highly concise outputs, averaging only
three tokens per interaction, frequently generated generic questions lacking sufficient contextual support. Similar
observations have been reported in studies examining the effects of abbreviated Al feedback on learner persistence
and instructional quality [36]. Llama-3.3-70B achieved a balanced performance profile with a failure rate of 7.3%,
a language complexity score of 2.9, and a Socratic question quality score of 4.1. Most violations occurred within
higher-order algorithmic thinking tasks, where distinctions between guidance and procedural disclosure become
increasingly subtle. Because these errors primarily originated from prompt interpretation rather than architectural
limitations, they are considered amenable to further prompt refinement.

The psycholinguistic triage conducted at Universitas Negeri Malang emphasizes that the prevention of
these scaffolding failures (DAD, ID, and VM) directly impacts the quality of students' scientific reasoning during
inquiry-based learning tasks. When a model configuration successfully avoids the direct-answering trap, it
preserves the student's active inquiry phase, forcing them to engage in critical hypothesis testing and problem
decomposition. Conversely, when a model fails through direct answer disclosure or implied derivation, it short-
circuits the cognitive feedback loop necessary for mathematical and scientific schema synthesis. In the context of
technology-enhanced science education, maintaining strict scaffolding compliance ensures that the Al framework
operates as a true pedagogical bridge within the Zone of Proximal Development, converting potential frustration
into structured, autonomous scientific thinking patterns.

3.4. Engineering Trade-Off and Deployment Blueprint

The benchmark outcomes further suggest that effective child-facing generative tutoring systems should
be conceptualized as reliability-oriented educational infrastructures rather than as static single-model agents.
Recent surveys in Al in education emphasize that large language models are most beneficial when embedded
within adaptive orchestration frameworks capable of balancing responsiveness, personalization, and pedagogical
safeguards rather than maximizing isolated benchmark scores alone [52], [55]. Similarly, whole-learner support
architectures advocate treating model selection as part of a broader socio-technical ecosystem in which cognitive,
motivational, and behavioral dimensions jointly influence learning effectiveness [55]. These perspectives imply
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that model heterogeneity should not be interpreted as a system limitation but rather as an engineering mechanism
that enables educational agents to satisfy multiple instructional objectives simultaneously. Consequently, the
present findings support a transition from monolithic large language model deployment toward dynamically
orchestrated tutoring ecosystems that prioritize both developmental appropriateness and operational reliability
[17], [35].

From an infrastructure perspective, latency management emerges not merely as a computational
optimization problem but as a pedagogically consequential design parameter. Advances in latency-optimized
inference architectures demonstrate that response time constitutes a critical determinant of user experience in large
language model systems [36]. Moreover, recent human large language model interaction studies indicate that
delayed responses negatively influence user trust, perceived intelligence, and interaction quality [43]. Within
educational settings, these temporal effects become even more pronounced because scaffolding effectiveness
depends on delivering guidance at the moment when cognitive disequilibrium occurs. Educational studies on
generative Al-based scaffolding further emphasize the importance of immediate feedback loops in sustaining
productive engagement and maintaining learners within their zone of proximal development [18], [41], [56].
Therefore, maintaining a balance between latency performance and instructional fidelity represents a fundamental
requirement for the practical deployment of child-centered tutoring architectures.

Beyond identifying performance differences among candidate models, the present benchmarking
procedure serves a prescriptive role by transforming empirical measurements into actionable architectural
decisions. Recent literature argues that evaluations of educational large language models should extend beyond
accuracy-centric comparisons and instead inform the design of adaptive instructional ecosystems capable of
supporting diverse learner needs [52], [56]. In this perspective, benchmark telemetry becomes a decision-support
mechanism through which latency characteristics, pedagogical reliability, and interaction quality are translated
into operational policies. Such an approach aligns with contemporary views of Al-enhanced learning systems as
socio-technical infrastructures in which educational effectiveness emerges from the interaction between cognitive
theories, behavioral analytics, and engineering constraints rather than from model capability alone [15], [55].
Consequently, the findings of the present study are not interpreted merely as comparative statistics, but as empirical
evidence guiding the formulation of a robust deployment strategy for child-centered generative tutoring
environments.

1. Grand Theory Layer (Pedagogical & Cognitive Foundations)
Vygotsky's Zone of Proximal Development (ZPD) Sweller's Cognitive Load Theory (CLT)
« Al strictly functions as More Knowledgeable Other (MKO) « Preserves Germane Load for schema construction
« Socratic prompting; zero terminal answer disclosure » Mitigates Extraneous Load from system delays
I 'l\
2. Middle-Range Theory Layer (HCJ Constraints) L
Adaptive Socratic Scaffolding Child-Computer Interaction (CCl)
« Dynamic calibration to learner state « High attentional volatility in ages 10-11
« Prevention of Implied Derivation (ID) & Vocabulary Mismatch (VM) « Interface responsiveness dictates cognitive engagement
AN //
3. Micro-Level Eﬂgineering Parameters /
Hesitation Telemetry (Delta) Student Waiting Threshold (SWT)
« Real-time cognitive overload indicator «+ Hard latency ceiling: <= 3.0 seconds
«Triggers proactive scaffolding dispatch « Ensures non-positive Latency Delta
V4

4. Dual-Tier Adapt\NKRtuting Blu?’{nt (Next.js Middleware)

Primary Deployment Tier Timeout Client-Side Watchdog
+Engine: Groq LPU (Llama-3.3-70b) == =-=-=--- > «500ms stream initialization timer | -
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5. Multi-Institutional Validation Governance (RKI Framework)

Universitas Negeri Malang (UM) Universitas Sriwijaya (UNSRI)
» Psycholinguistic Failure Triage « Expert Content & Cognitive Audit
+Schema synthesis mechanism mapping «Bebras Task alignment via Aiken's V

Figure 3. Grand theory and deployment roadmap diagram

As shown in Figure 3, the adaptive workflow begins with continuous monitoring of learner interaction
behaviour. Elevated hesitation intervals are interpreted as indicators of cognitive overload or strategic uncertainty
and subsequently trigger the scaffolding engine. Under normal conditions, the primary Groq-hosted Llama-3.3-
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70B model is activated to maximize response speed. When latency anomalies are detected, the watchdog
mechanism automatically redirects the request to GPT-5 Mini, thereby prioritizing instructional fidelity over
computational efficiency.The resulting architecture establishes a dynamic coupling between hesitation telemetry
and adaptive scaffolding dispatch. By ensuring that guidance is delivered within the three-second Student Waiting
Threshold, the system maintains learners within a state of productive cognitive struggle and prevents
disengagement or learned helplessness [41]. This real-time integration of behavioral telemetry and multi-model
routing distinguishes SNAG from conventional static-hint intelligent tutoring systems and constitutes the principal
infrastructure-level contribution validated in the present study.

These findings align with and extend recent literature emphasizing that latency and pedagogical fidelity
are intrinsically linked in Al-assisted education [57]. For instance, previous studies on chatbot learning assistants
[34] have highlighted that delayed feedback negatively impacts user trust and cognitive engagement. Furthermore,
recent research on Al integration supports our observation that hyper-concise Al responses, such as those generated
by Gemini 3.5 Flash, fail to provide the necessary conceptual anchoring for younger learners, reinforcing the need
for contextually rich scaffolding [13], [58].

The explicit novelty of this research lies in the multidisciplinary formalization and operationalization of
the student waiting threshold as a socio-technical metric [28]. Unlike conventional large language model
benchmarks that focus strictly on technical accuracy or standalone throughput metrics [27], [28], this work
establishes a direct, empirically validated link between hardware-level cloud infrastructure performance and the
real-time cognitive sustainability of primary school learners [32]. By intersecting the domains of computer science,
learning analytics, and cognitive load theory, this study provides a reproducible architectural blueprint showing
how sub-second machine latency directly prevents working memory decay and strategic disengagement in young
students during complex computational thinking sequences [30], [35].

The practical and theoretical implications of these findings suggest that educational developers and
system architects cannot treat Al modeling and hardware deployment as independent considerations [28]. To build
effective child-facing intelligent tutoring ecosystems, platforms must prioritize specialized, latency-optimized
inference processors, such as Language Processing Units, alongside highly constrained Socratic prompt structures
to guarantee immediate feedback delivery [30], [35]. Furthermore, the successful implementation of the SNAG
dual-tier routing framework implies that adaptive educational software must incorporate real-time learning
analytics, like strategic hesitation tracking, to dynamically protect the student's independent inquiry phase [36],
[39]. Cultivating this equilibrium between technical engineering and pedagogical fidelity is essential for
developing trustworthy digital tutoring infrastructure within primary science education [28], [49].

However, a primary limitation of this study is its reliance on controlled laboratory benchmarking
simulations that isolate network jitter and programmatic variables [27]. Consequently, the observed telemetry
thresholds, algorithmic routing switches, and child scaffolding dynamics must be further validated within active,
highly unpredictable classroom environments where varied internet bandwidth and diverse environmental
distractions occur [18], [27]. Additionally, the evaluation corpus remains bound to fifth-grade primary school
numeracy contexts using Bebras task variants [35], [36]. Future long-term implementations will need to examine
whether these specific latency parameters and adaptive Socratic interaction models remain stable across different
age demographics and non-mathematical scientific domains [23], [33].

4. CONCLUSION

This study successfully evaluated three large language model configurations within a multidisciplinary
framework, revealing that Meta Llama-3.3-70b via the Groq language processing unit provides the optimal
infrastructure for primary STEM education by satisfying the 3.0-second Student Waiting Threshold while
maintaining high pedagogical fidelity. Conversely, while OpenAl GPT-5 Mini excels in Socratic adherence to
serve as a robust fallback model, Google Gemini 3.5 Flash's hyper-concise outputs lead to severe contextual
truncation, proving that the effectiveness of educational AI depends on a delicate equilibrium between
computational efficiency and cognitive appropriateness. For further research, it is recommended that subsequent
studies deploy this dual-tier middleware architecture in longitudinal, real-world classroom settings to analyze live
hesitation-time telemetry against student learning outcomes. Additionally, future investigations should focus on
developing adaptive, taxonomy-aligned prompt libraries to entirely mitigate vocabulary mismatch anomalies
across diverse cognitive tasks.
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