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ABSTRACT
We introduce PedRAG (Pedagogical Retrieval-Augmented
Generation), an architecture that reframes RAG from con-
tent grounding to pedagogical behavior grounding. PedRAG
dynamically retrieves and operationalizes theory-based in-
structional strategies from pedagogical literature to constrain
LLM-based tutoring agent behavior during interaction. The
framework incorporates an active monitoring loop enabling
adaptive strategy refinement within a single session. We
evaluate PedRAG using a controlled multi-agent LLM sim-
ulation with a theory-rubric-based evaluator assessing be-
havioral hallucination rate (BHR) and fidelity scores. Re-
sults across 144 balanced simulations show that PedRAG re-
duces BHR by 67.3% relative to baseline (11.1% vs. 33.9%)
and by 46.4% relative to prompt-only (20.7%), while achiev-
ing 87.1% fidelity, 87.5% simulated mastery rate, and no
critical theory violations in this simulation set. These re-
sults demonstrate internal behavioral consistency under con-
trolled simulation and motivate future human-subject eval-
uation.
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1. INTRODUCTION
LLM-based tutors can generate open-ended explanations,
adapt language to learner inputs, and sustain long multi-
turn interactions with minimal task-specific engineering [3,
11, 8]. Despite rapid progress, a foundational challenge re-
mains: how to ensure that an LLM-based tutoring agent be-
haves in a pedagogically coherent and theoretically grounded
manner throughout an extended interaction.

Most prior work has targeted content hallucinations—incorrect
or fabricated domain statements—via retrieval grounding
or dataset curation. Yet educational dialogue introduces
an additional, orthogonal reliability risk: behavioral hal-
lucinations. We define these as situations where an agent
claims adherence to a pedagogical theory (e.g., construc-
tivism, Socratic method, self-regulated learning) but fails to
enact the theory’s defining principles. Crucially, this failure
can occur without any factual error: a tutor may provide
the correct solution yet violate constructivist commitments
to learner exploration, or claim to support self-regulated
learning while omitting goal-setting and reflective prompts.
Because pedagogical theories function as normative frame-
works in ITS [20, 22], such inconsistencies undermine learner
trust and pedagogical validity [2, 1]. We use the term behav-
ioral hallucination not to suggest factual fabrication, but to
denote a discrepancy between declared pedagogical stance
and enacted tutoring behavior.

Prompt engineering offers a natural mitigation—instructing
models to “use a Socratic style” or “apply constructivist
principles.” However, we argue this is structurally insuffi-
cient. Prompts encode declarative intent, not operational
constraints. As dialogue grows, the initial prompt’s influ-
ence attenuates under conversation history and local coher-
ence pressures [4]. Behavioral hallucinations may therefore
arise when pedagogical grounding is not maintained at run-
time.

This paper advances the thesis that behavioral reliability
requires continuous, theory-sensitive grounding at runtime.
We propose PedRAG: a theory-grounded RAG pipeline that
(i) retrieves and operationalizes theory-consistent strategies,
(ii) reduces behavioral drift, and (iii) dynamically adapts
strategies within a session.

Contributions: C1 Formal definition of behavioral halluci-
nations in LLM tutoring. C2 Empirical demonstration that
prompt-only control fails to sustain theory-consistent behav-
ior over multi-turn dialogue, quantified via BHR. C3 The Pe-
dRAG runtime architecture with theory-grounded retrieval
and monitoring, evaluated as a proof of concept on the So-
cratic method. C4 Behavioral fidelity as a new evaluation
lens: does the tutor authentically implement the claimed
theory?
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2. RELATED WORK
Theory-Aware Tutoring Systems. Early ontological engineer-
ing work [15, 6] advocated making pedagogical theories ex-
plicit, reusable knowledge objects rather than implicit code
heuristics. However, ontology-centric approaches face lim-
itations in the LLM era: they require heavy expert labor,
and their conceptual expressivity is insufficient for encoding
the rich procedural guidance needed for dynamic tutoring
dialogue.

Prompt-Only LLM Tutors. Encoding pedagogy through prompts
(role, style, rubrics) is scalable but leaves behavior under-
constrained. Pedagogical theories specify conditional poli-
cies (“when to scaffold,”“when to fade”) that static prompts
cannot reliably enforce over extended dialogue [4].

Alignment via Training. Recent work [19, 4] formalizes “ped-
agogical alignment” as a training objective, using RL and
DPO to shape tutoring behavior. TeachLM [16] trains on
100,000 hours of authentic tutoring data. LearnLM [8] frames
pedagogy as instruction following at industrial scale. These
approaches are complementary to ours but focus on training-
time alignment, often requiring substantial data and offering
limited transparency at the level of pedagogical decisions. In
contrast, PedRAG provides an explicit, interpretable run-
time control layer enabling theory-aware adaptation within
a session.

RAG in Education. Educational RAG work primarily grounds
domain knowledge from textbooks and course notes [9, 7,
17]. Our central contribution is repurposing RAG from con-
tent grounding to theory grounding: pedagogical theory be-
comes a first-class runtime context constraining tutoring
moves rather than a source of factual answers.

Dialogic Pedagogy and LLM Tutor Evaluation. Recent work
on dialogic pedagogy [2] maps LLM capabilities against Vy-
gotsky’s Zone of Proximal Development, the Socratic method,
and Laurillard’s conversational framework, identifying a crit-
ical gap: LLMs tend to provide direct answers rather than
fostering co-construction of knowledge [1]. MathTutorBench [13]
demonstrates that subject expertise does not translate to ef-
fective teaching, validating the need for explicit behavioral
grounding, and reveals that pedagogy and subject expertise
form a trade-off navigated by model specialization. PedRAG
operationalizes pedagogical alignment through an architec-
tural control loop that prevents the behavioral drift inherent
in prompt-only systems.

3. THE PEDRAG ARCHITECTURE
PedRAG reconceptualizes pedagogical alignment as a run-
time grounding problem. Rather than embedding theories
statically via prompts or training, PedRAG provides dy-
namic, on-demand access to theory-relevant knowledge that
is retrieved and contextualized continuously as interaction
unfolds. The system is implemented as a LangGraph state
machine with four functional layers (Fig. 1).

Layer 1 — Knowledge & Persistence. A pedagogical cor-
pus (PDF/TXT) is processed through a two-stage extraction
pipeline: (1) text is chunked into 4,000-token segments with
200-token overlap; (2) GPT-4o extracts a Theory Configu-
ration with three components: Metrics (typed state vari-
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Figure 1: PedRAG architecture. L1 (Knowledge & Per-
sistence): corpus, student profile, success patterns. L2
(PedRAG Engine): theory-grounded retrieval, metric in-
ference, rule evaluation. L3 (Teaching Cycle): prompt
construction, LLM generation, behavioral monitoring. L4
(Meta-Cognition): failure detection and three-level adapta-
tion (intra-strategy → inter-strategy → theory switching).
Dashed arrows: feedback and failure paths; edge labels indi-
cate data semantics.

ables tracked per theory, e.g., hypothesis attempts, error
counts), Actions (teaching strategies with priority scores 1–
10), and Rules (condition→action mappings via AND/OR
logic). Redundant strategies are merged at θ = 0.85 cosine
similarity. In this evaluation, the corpus comprises three
publicly available Socratic Learning Method texts (∼85 pages),
yielding 12 metrics, 31 actions, and 47 rules. The architec-
ture is theory-agnostic: adding a new theory requires only
loading new documents. Metrics are not hardcoded : each
theory defines its own tracking variables, ensuring adapt-
ability to diverse pedagogical frameworks.

Layer 2 — PedRAG Engine. A Context Analyzer (GPT-
4o-mini) extracts theory-relevant signals from each student
message, updating metrics dynamically. Two complemen-
tary modules handle metric computation: LLM inference
for categorical metrics, and sandboxed Python execution for
temporal metrics (e.g., hedging score trends, response com-
plexity). The Rule Engine evaluates conditions against cur-
rent metrics using weighted random selection among match-
ing rules, introducing controlled stochasticity to prevent de-
terministic loops. When no rules match, a Strategy Selector
reasons over all available strategies given full student con-
text.

Layer 3 — Teaching Cycle. The Response Generator con-
structs dynamic system prompts assembling: (i) theory iden-
tity and description, (ii) selected action with implementation
guidance, (iii) current metric values, and (iv) code execution
results. GPT-4o generates responses at temperature 0.7.
The Response Monitor then extracts behavioral fingerprints
(hint given, question asked, explanation provided), updating
metrics to close the feedback loop.

Layer 4 — Meta-Cognition. The Behavioral Monitor detects
three failure patterns: strategy exhaustion (action applied
without progress), affective degradation (frustration met-
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rics worsening), and engagement collapse (response quality
drop). Adaptation follows a three-level hierarchy: (1) intra-
strategy : escalate within current action space; (2) inter-
strategy : switch to alternative actions in the same theory;
(3) theory switching : when the theory is exhausted, tran-
sition using learner-state heuristics (high frustration → Di-
rect Instruction; passive reception → Constructivism; poor
self-monitoring → SRL). These theory-switching heuristics
are currently hand-designed and should be interpreted as a
proof-of-concept control policy rather than a validated ped-
agogical decision model.

Architectural Advantages. PedRAG offers four properties:
(1) Runtime adaptability — theory selection remains a run-
time decision (in contrast to training-based alignment [18,
16]), enabling non-linear flows; (2) Interpretability — deci-
sions are traceable to retrieved strategies, rules, and met-
rics; (3) Extensibility — new theories require only loading
documents, with automatic generation of metrics, actions,
and rules; (4) Compositionality — components are indepen-
dently upgradeable (e.g., rule engine → neural policy) while
preserving metric tracking.

4. EVALUATION
4.1 Metrics
We define two complementary behavioral fidelity metrics.
Let PT = {p1, . . . , pk} be the core principles of theory T ,
and ri the tutor’s response at turn i. One evaluated turn
is one tutor-response opportunity: a student input, one tu-
tor response, E-LLM evaluation of that response, and subse-
quent update of the simulated student state. Thus, N counts
evaluated tutor responses, not all speaker utterances.

Behavioral Hallucination Rate (BHR):

BHR(T ) =
1

N

N∑

i=1

v(ri, T ), v(ri, T ) = 1 iff ∃ pj : ri violates pj

(1)
Because v(ri, T ) ∈ {0, 1}, BHR is a proportion bounded
in [0, 1] and cannot be negative; only derived comparison
quantities, such as relative BHR reduction against a base-
line, may be signed.

Fidelity Score: An Evaluator-LLM (E-LLM) scores each re-
sponse against PT :

F̄ (T ) =
1

N

N∑

i=1

f(ri, T ), f(ri, T ) ∈ [0, 1] (2)

where F̄ (T ) ≥ 0.7 indicates adequate theory preservation.

4.2 Experimental Protocol
We implement a controlled multi-agent simulation with three
LLM agents:

• Tutor-LLM (T-LLM): three configurations compared—
Baseline: GPT-4o with minimal prompting; Prompt-
only : GPT-4o with engineered theory-specific prompts;
PedRAG: our full architecture.

• Student-LLM (S-LLM): GPT-4o-mini instantiating 3
stress-test persona profiles grounded in learner-modeling

Table 1: Behavioral metrics by agent (N=144 balanced sim-
ulations). BHR: lower is better; Fidelity & Mastery: higher
is better.

Agent N BHR (%) Fidelity (%) Mastery

Baseline 48 33.9± 21.2 55.5± 1.8 20.8%

Prompt-only 48 20.7± 16.0 70.1± 1.9 43.8%

PedRAG 48 11.1± 13.6 87.1± 2.9 87.5%

Table 2: Violation severity distribution (% of 903 turns across
144 balanced simulations).

Agent None Minor Major Critical
Baseline 66.9% 11.3% 11.3% 10.4%
Prompt-only 78.2% 13.8% 8.0% 0.0%
PedRAG 88.8% 6.2% 5.0% 0.0%

dimensions used in adaptive tutoring—prior knowl-
edge, self-efficacy, affect/frustration, persistence, cu-
riosity, and preferred support granularity [10, 14, 5,
12]. These profiles are designed to probe pedagogi-
cal robustness, not to represent validated population
classes: Struggling Sarah (low self-efficacy), Curious
Carlos (discovery-oriented), and Anxious Alex (per-
fectionist).

• Evaluator-LLM (E-LLM): GPT-4o assessing each turn
with structured output (fidelity score, violation flag,
severity). It operates from fixed, theory-derived rubrics—
explicit principle checklists—which partially mitigates
same-family self-evaluation bias.

Scope. Results measure internal behavioral consistency un-
der simulation, not real learning gains; human-subject eval-
uation is the critical next step.

Simulations span 4 topics across 4 domains (mathematics,
science, programming, language) under the Socratic Learn-
ing Method. Each session ends at mastery (≥ 80% under-
standing), give-up, or 20 turns. We report the balanced
common subset: 144 simulations totaling 903 evaluated turns
(4 topics × 3 personas × 3 agents × 4 repetitions).

4.3 Results
Statistical comparisons were conducted at the simulation
level across runs. Table 1 shows that PedRAG achieves a
67.3% BHR reduction vs. baseline and 46.4% vs. prompt-
only. Critically, PedRAG also achieves the highest simu-
lated mastery rate (87.5% vs. 43.8% and 20.8%), suggesting
that stronger behavioral fidelity need not reduce task suc-
cess even in this constrained setting. PedRAG’s low fidelity
variance (SD = 2.9) indicates consistently theory-adherent
behavior across the balanced persona-topic combinations.
Improvements over baseline are significant across all metrics
(p < .001); over prompt-only, BHR reduction is significant
at p = .002 and fidelity/mastery gains at p < .001.

Table 2 shows that both PedRAG and prompt-only avoid
critical violations in this simulation set (0%), while base-
line exhibits them in 10.4% of turns. These critical viola-
tions represent complete theory contradictions—direct an-
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swers under a Socratic framework—which are pedagogically
damaging regardless of factual accuracy.

Per-Persona Analysis. Table 3 breaks down BHR and mas-
tery by student persona within the balanced subset. Pe-
dRAG improves both outcomes for all three profiles. The
lowest residual BHR is observed for Anxious Alex (7.7%),
while Struggling Sarah shows the largest mastery gain (100.0%
vs. 18.8% baseline), consistent with the value of affect-sensitive
support for low-self-efficacy learners.

Table 3: BHR and mastery by student persona (Socratic
method; PedRAG vs. Baseline).

Persona
BHR (%) Mastery

Base PedRAG Base PedRAG
Struggling Sarah 32.3 11.1 18.8% 100.0%
Curious Carlos 33.9 14.4 6.2% 87.5%
Anxious Alex 35.4 7.7 37.5% 75.0%
Average 33.9 11.1 20.8% 87.5%

Qualitative Example. Student asks: “What is 7 times 8?”

Ex. 1 — Arithmetic. “What is 7 times 8?”

Baseline: “7 times 8 equals 56.” [Critical: direct answer]
Prompt-only: “7 times 8 is 56, but let’s understand why. . . ”
[Major: answers despite Socratic framing]
PedRAG: “What do you know about multiplying by 7? Any
patterns?” [Compliant: elicits prior knowledge]

Ex. 2 — Reassurance-seeking. “Am I doing this right? I’m not
sure.”

Baseline: “Yes, that’s correct!” [Critical: closes inquiry]
Prompt-only: “You’re on the right track. The answer is cor-
rect.” [Major: confirms without probing reasoning]
PedRAG: “What makes you uncertain? Walk me through
your reasoning.” [Compliant: metacognitive redirection]

The prompt-only system exhibits a subtle behavioral hal-
lucination: it adopts Socratic language while immediately
revealing the answer. PedRAG retrieves the “elicit prior
knowledge” strategy and enforces withholding, maintaining
true theory fidelity.

Domain Generalization. PedRAG’s gains are consistent across
the four balanced topics: BHR drops from 35.6% to 12.6%
in Mathematics, 27.6% to 10.8% in Science, 24.8% to 11.8%
in Programming, and 47.6% to 9.1% in Language; simulated
mastery is at least 83.3% in every domain.

Failure Mode Analysis. Three patterns explain the resid-
ual 11.1% BHR: (1) strategy–affect conflict (∼40%): the
Rule Engine fires a Socratic probe when a frustrated learner
needs direct support, because the affective metric thresh-
old has not yet triggered; (2) ambiguous metrics (∼35%):
mixed-signal queries produce conflicting metric values and
a mismatched action selection; (3) rule gaps (∼25%): edge
cases where no rule fires and the fallback Strategy Selec-
tor diverges from expert prescription. Mitigations include
tighter affect-escalation coupling, multi-signal metric fusion,
and edge-case corpus annotations.

5. DISCUSSION
Beyond Enhanced Prompting. A natural critique: is Pe-
dRAG merely sophisticated prompting? The innovation lies
not in content but in the runtime control mechanism. Static
prompts specify what to do; PedRAG implements a proce-

dural loop that (1) retrieves theory-specific guidance given
current learner state, (2) monitors behavior for violations,
(3) detects failures, and (4) adapts or switches theories. This
transforms alignment from a static initialization to an active
runtime control problem.

Complementarity with Training-Based Alignment. Training-
based approaches (TeachLM, LearnLM) embed general ped-
agogical tendencies in model parameters. PedRAG is com-
plementary, providing theory-specific, interpretable runtime
control. A natural integration combines aligned base mod-
els with theory-grounded RAG as a control layer [21]. In
this setting, PedRAG enables explicit runtime switching be-
tween pedagogical strategies within a session, reflecting the
dynamic nature of theory use in authentic teaching practice.

Behavioral Fidelity vs. Tutoring Quality. MathTutorBench [13]
evaluates tutoring outcomes and demonstrates that strong
problem-solving ability does not automatically translate to
effective teaching—its reward model discriminates expert
from novice teacher responses with high accuracy, reveal-
ing that pedagogy and subject expertise form a trade-off
navigated by model specialization. We ask a complemen-
tary but distinct question: not “is this good tutoring?” but
“does this tutoring authentically implement the claimed the-
ory?” This preventive evaluation is essential for pedagogical
accountability prior to deployment: a system that claims
to follow constructivism while covertly providing direct an-
swers undermines institutional trust, regardless of whether
it produces correct answers.

Residual Violations and Limitations. The residual 11.1%
BHR highlights a structural trade-off between strict the-
ory fidelity and adaptive pedagogical responsiveness: in con-
texts of learner frustration, adhering to constructivist or So-
cratic principles may be pedagogically suboptimal despite
maintaining theoretical consistency. Three limitations con-
strain generalizability: (1) corpus quality : source differences
may bias extracted rules; (2) embedding imprecision: cosine
similarity does not guarantee faithful capture of conditional
logic; (3) E-LLM circularity : the evaluator (GPT-4o) shares
model family with the tutor, partially mitigated by corpus-
derived rubrics but requiring independent human annota-
tion to fully validate. All experiments are conducted within
a single pedagogical framework (Socratic method). Gener-
alization to alternative theories (e.g., SRL, Direct Instruc-
tion) is not addressed here. Potential mitigation strategies
include curated corpora with explicit core-principle annota-
tions, multi-source triangulation, and integrating principle-
level constraints during strategy synthesis.

Implications for ITS Design. PedRAG reframes a classic
ITS challenge: making adaptation both pedagogically prin-
cipled and computationally tractable. Traditional ITS en-
code domain-specific rules manually [20, 23]; PedRAG re-
places this authoring burden with corpus ingestion, enabling
rapid theory deployment without bespoke engineering. Three
design properties follow. First, theory pluralism: practition-
ers can maintain a corpus of competing theories (Socratic,
SRL, Direct Instruction) and select among them based on
learner state, rather than committing to a single framework
at design time. Second, auditability : every tutoring deci-
sion is traceable to a retrieved strategy, a matched rule, and
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specific metric values, a property absent from both black-
box LLMs and training-based alignment. Third, incremen-
tal refinement : because theories are encoded as documents
rather than model weights, instructional designers can up-
date pedagogical guidance by editing source files without
retraining. Together, these properties make PedRAG par-
ticularly suited for deployment contexts requiring regulatory
transparency, such as high-stakes educational assessments or
clinical learning environments.

Ethical Considerations. Behavioral hallucinations undermine
informed consent: learners cannot make meaningful ped-
agogical choices if the system’s enacted behavior diverges
from its stated theory. PedRAG’s audit trail makes drift
visible and correctable. However, theory switching heuris-
tics embed value judgments (e.g., prioritizing efficiency over
exploration) that must be documented, contestable, and
domain-expert validated—not implemented as opaque de-
faults.

6. CONCLUSION
PedRAG is a theory-grounded RAG architecture for run-
time control of pedagogical behavior in LLM-based tutors.
Across 144 balanced simulations (903 turns), it reduces BHR
to 11.1% (−67.3% vs. baseline), records no critical violations
in this simulation set, and achieves 87.1% fidelity and 87.5%
simulated mastery. These results reflect internal consistency
under simulation, not externally validated effectiveness. Fu-
ture work will extend to human learners and broader theories
(SRL, Direct Instruction), addressing the fidelity–flexibility
trade-off.

Reproducibility. All simulations use GPT-4o (tutor, evalu-
ator) and GPT-4o-mini (student, context analyzer) at fixed
random seeds. The pedagogical corpus comprises publicly
available Socratic Learning Method texts. Transcripts, rubrics,
persona specifications, and the full LangGraph pipeline will
be released upon publication.
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