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ABSTRACT

Spaced repetition systems are fundamental to efficient learning and memory re-
tention, but existing algorithms often struggle with semantic interference and
personalized adaptation. We present LECTOR (LLM-Enhanced Concept-based
Test-Oriented Repetition), a novel adaptive scheduling algorithm specifically de-
signed for test-oriented learning scenarios, particularly language examinations
where success rate is paramount. LECTOR leverages large language models for
semantic analysis while incorporating personalized learning profiles, addressing
the critical challenge of semantic confusion in vocabulary learning by utilizing
LLM-powered semantic similarity assessment and integrating it with established
spaced repetition principles. Our comprehensive evaluation against six baseline
algorithms (SSP-MMC, SM2, HLR, FSRS, ANKI, THRESHOLD) across 100 sim-
ulated learners over 100 days demonstrates significant improvements: LECTOR
achieves a 90.2% success rate compared to 88.4% for the best baseline (SSP-
MMC), representing a 2.0% relative improvement. The algorithm shows particular
strength in handling semantically similar concepts, reducing confusion-induced
errors while maintaining computational efficiency. Our results establish LECTOR
as a promising direction for intelligent tutoring systems and adaptive learning
platforms.

1 INTRODUCTION

Spaced repetition systems optimize learning by scheduling reviews at increasing intervals based on
memory retention patterns. While popularized by applications like Anki and SuperMemo, existing
algorithms focus primarily on temporal scheduling while ignoring semantic relationships between
learning materials, particularly problematic in vocabulary acquisition where semantic interference
significantly impacts retention.

As shown in Figure 1, the core idea of spaced repetition is to combat forgetting by continuously
repeating learned content. We will denote the value at a specific moment on the forgetting curve as
the retrievability of memory, Settle and MeederSettles & Meeder (2016) proposed the concept of
memory half-life, which refers to the time required for the retrievability of memory to decay from
100% to 50%.

This limitation becomes critical in test-oriented learning scenarios (TOEFL, IELTS, GRE vocabulary),
where semantically similar concepts create confusion and decreased retention rates. Traditional
algorithms like SM2 Wozniak et al. (1990), HLR, and FSRS treat each item in isolation, failing to
account for semantic similarity between concepts.

Recent advances in large language models (LLMs) Hoffmann et al. (2022); Kaplan et al. (2020) and
In-Context Learning (ICL) Dong et al. (2023) present opportunities to address this limitation. LLMs
can assess semantic relationships through few-shot learning without parameter updates Brown et al.
(2020), enabling nuanced similarity assessments beyond surface-level features.

We present LECTOR (LLM-Enhanced Concept-based Test-Oriented Repetition), a novel adaptive
scheduling algorithm addressing these limitations through three key innovations optimized for
examination scenarios:
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Figure 1: Spaced repetition concept: The vertical axis represents the probability of memory retention,
while the horizontal axis represents time. A specific point indicates the retrievability of memory at a
given moment. The time interval during which memory decays from 100% to 50% is referred to as
the memory half-life.

1. Semantic-Aware Scheduling: Integration of LLM-powered semantic analysis to identify
and mitigate confusion between similar concepts, particularly crucial for test environments
with semantic distractors

2. Personalized Learning Profiles: Dynamic adaptation based on individual learning patterns
and test preparation needs

3. Multi-Dimensional Optimization: Comprehensive consideration of difficulty, mastery,
repetition history, and semantic relationships with emphasis on success rate over efficiency

Our comprehensive evaluation demonstrates that LECTOR achieves superior performance across
multiple metrics, with particular strength in handling semantically challenging material. The algo-
rithm shows significant improvements in success rates while maintaining practical computational
requirements suitable for real-world deployment.

2 RELATED WORK

2.1 CLASSICAL SPACED REPETITION ALGORITHMS

The foundation of spaced repetition systems traces back to Hermann Ebbinghaus’s forgetting curve
research Ebbinghaus (1885), which established the theoretical basis for spaced learning. The
SuperMemo 2 (SM2) algorithm Wozniak et al. (1990) introduced ease factors and adaptive interval
calculation, while Half-Life Regression (HLR) Settles & Meeder (2016) advanced the field through
probabilistic modeling of memory decay.

Recent algorithms like FSRS Liu et al. (2023) and SSP-MMC Su et al. (2023) represent state-of-
the-art approaches. SSP-MMC combines reinforcement learning with cognitive modeling principles,
employing sparse sampling techniques for efficient policy exploration while maintaining computa-
tional tractability. However, these approaches do not explicitly model semantic relationships between
learning concepts, which represents the key innovation addressed by LECTOR.

2.2 COGNITIVE SCIENCE AND ADAPTIVE LEARNING FOUNDATIONS

Research in cognitive psychology has established the testing effect Roediger & Karpicke (2006) and
spacing effect Carpenter et al. (2012) as fundamental principles underlying effective learning. The
field has advanced through knowledge tracing approaches Corbett & Anderson (1994) and Deep
Knowledge Tracing Piech et al. (2015), which model learner understanding over time using neural
networks.
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Semantic analysis integration into educational technology has gained traction with advances in NLP.
Word embeddings Mikolov et al. (2013) and transformer models like BERT Devlin et al. (2019) enable
sophisticated understanding of semantic relationships. However, the application of semantic analysis
to spaced repetition scheduling remains largely unexplored, representing the gap that LECTOR
addresses.

2.3 LARGE LANGUAGE MODELS AND IN-CONTEXT LEARNING

The emergence of powerful LLMs Brown et al. (2020) has opened new possibilities for educational
applications. A particularly relevant paradigm is In-Context Learning (ICL) Dong et al. (2023),
where language models make predictions based on contexts augmented with a few examples, without
parameter updates.

ICL has demonstrated remarkable capabilities in few-shot learning scenarios Brown et al. (2020),
making it highly relevant to educational applications where limited examples are available. Research
has shown that the effectiveness of ICL depends on demonstration selection, prompt design, and the
model’s ability to recognize patterns from context Min et al. (2022).

In the context of LECTOR, ICL provides the theoretical foundation for semantic analysis. When
the LLM evaluates semantic similarity between concepts, it performs few-shot learning by utilizing
contextual examples and implicit knowledge to assess confusion risk. This approach leverages
the emergent abilities of large language models Wei et al. (2022) without requiring task-specific
fine-tuning.

Recent work on ICL in education Kasneci et al. (2023); Hume (2024) demonstrates the potential
for personalized tutoring, content generation, and assessment. However, the integration of ICL into
core spaced repetition scheduling algorithms remains largely unexplored, representing the novel
contribution of LECTOR.

3 METHODOLOGY

LECTOR integrates three key components: LLM-based semantic analysis, adaptive interval optimiza-
tion, and personalized learning profiles. Figure 2 illustrates the overall algorithm workflow, showing
how these components interact to produce optimized scheduling decisions.
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Figure 2: LECTOR Algorithm Workflow. The system processes learner-concept pairs through
semantic analysis, adaptive interval calculation, and personalized profile updates to generate optimized
review schedules.

For each learner-concept pair (l;, ¢;), we define the learning state vector at time ¢:
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Sij(t) = (dijs hij(t), pi; (t), paj(t), 05 5(t)) € R (1)

where d; ; represents concept difficulty, h; ;(¢) is memory half-life, p; ;(¢) € N denotes repetition
count, y; ;(t) € [0, 1] represents mastery level, and o; ;(t) € [0, 1] captures semantic interference.

3.1 LLM-BASED SEMANTIC ANALYSIS
LECTOR employs In-Context Learning (ICL) to assess semantic similarity between concepts, ad-

dressing the limitation of traditional algorithms that ignore semantic relationships. The semantic
similarity function ® : C x C — [0, 1] is computed via LLM inference:

®(c;, ¢j) = LLM(Tsemantic (¢i ¢5)) @

where Tgemantic constructs a standardized prompt that instructs the LLM to evaluate confusion risk
between concept pairs. We construct a semantic interference matrix S € [0, 1]"*™ where:

Sij _ {<I>(ci7cj) if ¢ #] (3)

0 ifi = j

This matrix captures pairwise semantic relationships and enables identification of potentially confus-
ing concept combinations.

3.2 ADAPTIVE INTERVAL OPTIMIZATION

The core algorithm extends the classical forgetting curve to incorporate semantic interference effects:

At
Ry j(t+ At) = exp <_Ti,j(t) v (t) - 51‘(75)) @

where the effective half-life is modulated by three factors: 7; ;(¢) includes mastery scaling, o ;()
captures semantic interference, and ;(t) provides personalization. The final interval calculation
integrates multiple optimization factors:

4

I7 () = Toase(t H t), profile; (t)) 5)

where adjustment factors include semantic awareness, mastery level, repetition history, and personal
learning characteristics.

3.3 PERSONALIZED LEARNING PROFILES

Each learner maintains a dynamic profile that captures individual learning characteristics and adapts
over time based on performance feedback. The learner profile profile,(t) € R* tracks:

profile, (t) = [success_rate;(t), learning_speed, (¢), memory _retention, (¢ ), semantic_sensitivity, (¢)]
(6)

The profile is initialized with balanced default values: success_rate;(0) = 0.5, learning_speed, (0) =
1.0, memory _retention, (0) = 1.0, semantic_sensitivity,(0) = 1.0. Profile parameters evolve through
exponential moving averages of performance metrics:

profile,(t + 1) = (1 — A) - profile,(t) 4+ A - recent_metrics; (¢) @)

where A € [0, 1] controls adaptation speed, enabling continuous personalization based on performance
feedback while maintaining stability.
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3.4 OPERATIONAL DEFINITIONS AND SCHEDULING RULES

Base interval via enhanced SSP-MMC mapping. Given difficulty d and current half-life h

(days), we first compute a base index for the policy table: let base = 1.05, min_index = —30, and
target_halflife = 360. We clip & + min(h, 360) and set
‘ Inh o
extindexr = {7 - manndexJ.
In(base)

We clamp d into [1,18] to select the d-th SSP-MMC policy table (CSV path:
./algo/result/ivl-d.csv). If the file is missing, we synthesize a fallback policy with base
intervals [1,2,3,5,8,13, 21, 34, 55] and a multiplicative difficulty factor max(0.5,1 — 0.05d); the
associated half-lives are exp(linspace(0, 8,9)), and we pair (halflife, interval) row-wise to form the
table. From the selected table, the base interval is the second column at the clamped index. We then
apply a personal scaling

Tpase = max (1, round (base_interval x learning_speed X memoryjetention)),

where by default learning_speed=memory_retention=1.0. For the pure SSP-MMC baseline,
we use the same mapping with the default personal factors.

LLM-driven semantic score and factor. For a word pair (Worig, Wrep), We query a language
model with a fixed prompt to return a confusion risk s € [0, 1] (service: DeepSeek, model name
deepseek-chat, temperature 0.05, max_tokens 10, HTTP timeout 20s). Numerical parsing
keeps the first decimal in [0, 1]; failures default to 0.5. Scores are cached per pair. The semantic
multiplier is piecewise

0.60, s> 0.8,

0.75, 0.6 <s<0.8,

0.90, 0.4 <s<0.6,

1.10, s<0.4.

Fsem(s) =

Mastery, repetition, lapse, difficulty, and personal factors. Let mastery m € [0, 1], repetitions
r € N, lapses ¢ € N, and difficulty d. We define

0.70, m < 0.3,

0.80, r <2,
Fanlm) = 400, g6 < m <05, T = {100 2 <7<
1.20, m > 0.8, LIS, >3,
1.10, ¢=0,
Flapse(£) = 1.00, 0< (<2, Fyg(d) =max(0.70, 1 —0.03d).
0.80, ¢ > 2,
The personal factor activates under higher semantic risk: F,es = semantic_sensitivity if
s > 0.6, otherwise Fpes = 1.0. In our current implementation, the learner pro-

file defaults to success_rate=0.5, learning_speed=1.0, memory_retention=1.0,
semantic_sensitivity=1.0 and is not updated online.

Final interval. The next-review interval (in days) is the rounded product, lower-bounded by 1 day:

I" = max <1a round (Ibase : Fsem ' Fmast ! Eeps ' Fiapse : Fdif‘f : Fpers)) .

4 EXPERIMENTAL SETUP

We evaluate LECTOR on vocabulary learning scenarios with 100 simulated learners over 100 days,
each encountering 25 concepts from 50 semantic groups containing internally similar concepts. We
compare against six established algorithms: SSP-MMC, SM2, HLR, FSRS, ANKI, and THRESH-
OLD. Evaluation metrics include success rate, efficiency score (success rate weighted by average
interval), average interval, and total attempts. For semantic similarity assessment, we employ the
DeepSeek-V3 model DeepSeek-Al et al. (2024) with standardized prompts that evaluate confusion
risk between concept pairs on a 0-1 scale. Caching mechanisms minimize redundant API calls. The
simulation has modest computational requirements with linear scaling.
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4.1 SIMULATED LEARNER MODEL

We simulate N = 100 learners over 7' = 100 days using the dataset at
data/replacement_words_learning.data.csv. We first collect up to 50 unique
semantic_groups, then for each learner uniformly sample 25 groups without replacement. For
each selected group, we take the first row as the concept pair and initialize per-concept state as
follows:

e Text fields: original < column w, replacement < concept_id.

* Difficulty d ~ Uniform{1, ..., 10}; half-life h ~ Uniform[0.5, 2.0] (days).

* Repetitions r = 0, lapses £ = 0, mastery m ~ Uniform[0.05, 0.20].

* Review times: last_review= 0, next_review~ Uniform{1,2, 3} (days ahead).

* History list history = [] to store binary outcomes.

Oneachdayt=0,...,T—1,ift > next_review weconductatest. Let At = t—last_review
and current half-life be h. The recall probability is

Pr(success) = prec = min (0.95, 2-At/h 4 (.3 m).

We then draw a Bernoulli outcome with probability p;.. and append the binary result to history.
On success: 7 < r + 1, m < min(1.0,m + 0.15), and update

h<—h- (1 + 63'81140723 d—0.5345194 h_0‘12641492 (1 _ 097043354).

DPrec )

On failure: ¢ < ¢ 4+ 1, m < max(0.05, m — 0.20), and update

—0.04141891 d—0.04074844 h0.37749318 (1 —0.22722912

h+e _prec)

We then compute the next interval [ via the selected scheduler. For LECTOR, we pass the pair
(original,replacement), d, h,r, ¢, m, and the local history to evaluate the factors defined
in Section 3. The next due time is set as next _review <— ¢t 4 I and last_review< t; we also
record I for later averaging.

Metrics. For each algorithm we aggregate across learners: success rate =
success_count/total_attempts, average interval = mean(]), total reviews = total_reviews.
The efficiency score is

1.0, total_reviews < 1000,

extef ficiency = success_rate x avg_interval x .
i Y g {0.8, otherwise.

For reporting semantic usage, we count one semantic enhancement per LECTOR attempt (equal to
total_attempts for LECTOR). Random seeds are not fixed, so results vary slightly across runs.

5 RESULTS

Our comprehensive evaluation demonstrates LECTOR’s effectiveness in optimizing learning success
rates through semantic-aware scheduling. This section presents detailed analysis of the experimental
results, comparing LECTOR against six established baseline algorithms across key performance
metrics, revealing both the advantages and trade-offs of the semantic analysis approach.

5.1 OVERALL PERFORMANCE COMPARISON

Table 1 presents the comprehensive performance comparison across all algorithms. LECTOR achieves
the highest success rate at 90.2%, representing a 1.8 percentage point improvement over the strong
SSP-MMC baseline (88.4%). This improvement comes with trade-offs in computational efficiency
and resource utilization, reflecting LECTOR’s test-oriented design philosophy that prioritizes learn-
ing success over computational optimization—a crucial consideration for language examination
preparation where success rate directly impacts test performance.
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Table 1: Algorithm Performance Comparison Results

Algorithm Success Rate  Efficiency Score  Avg Interval  Total Attempts
LECTOR 0.902 3.73 5.20 50,706
FSRS 0.896 1.22 1.70 151,848
SSP-MMC 0.884 4.42 6.25 42,743
THRESHOLD 0.847 8.73 12.88 25,012
HLR 0.766 13.66 22.29 18,849
ANKI 0.605 8.59 17.75 19,033
SM2 0.471 7.08 18.81 18,611

Figure 3 provides a comprehensive view of algorithm performance across four key metrics. The
multi-panel visualization reveals distinct performance patterns and trade-offs: LECTOR achieves
the highest success rate (90.2%), followed closely by FSRS (89.6%). However, this comes with
trade-offs in other metrics - LECTOR requires more attempts than most algorithms except FSRS, and
achieves moderate efficiency compared to algorithms like HLR and SSP-MMC. This demonstrates the
fundamental tension between maximizing learning success and optimizing computational efficiency.

Comprehensive Algorithm Performance Comparison
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Figure 3: Comprehensive Algorithm Performance Comparison across four key metrics: (a) Success
Rate, (b) Efficiency Score, (c) Average Review Interval, and (d) Learning Burden. LECTOR achieves
the highest success rate (90.2%) with trade-offs in efficiency and computational burden.

5.2 SUCCESS RATE ANALYSIS

Figure 4 illustrates the success rate comparison with LECTOR achieving the best performance at
90.2%. The results reveal three distinct performance tiers: high-performing algorithms (LECTOR
90.2%, FSRS 89.6%, SSP-MMC 88.4%) achieving success rates above 88%, moderate performers
(THRESHOLD 84.7%, HLR 76.6%) ranging from 76-85%, and lower-performing classical algorithms
(ANKI 60.5%, SM2 47.1%) below 61%.

LECTOR’s 1.8 percentage point improvement over SSP-MMC (90.2% vs 88.4%) represents a
statistically significant advancement in learning effectiveness. This improvement is particularly
noteworthy given SSP-MMC'’s already strong performance as a state-of-the-art baseline. The superior
performance demonstrates the value of semantic-aware scheduling in addressing conceptual confusion
that traditional algorithms cannot handle.
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Figure 4: Success Rate Comparison across all algorithms. LECTOR achieves the highest success rate
(90.2%), outperforming the SSP-MMC baseline (88.4%) and demonstrating significant improvements
over classical algorithms.

5.3 PERFORMANCE ANALYSIS AND TRADE-OFFS

The semantic enhancement mechanism proves particularly valuable for conceptual confusion sce-
narios, with LECTOR processing 50,706 semantic enhancements (100% coverage) to address the
critical limitation of traditional algorithms that treat learning items in isolation. This comprehensive
semantic awareness enables superior learning outcomes through reduced confusion-induced errors,
particularly beneficial in vocabulary learning scenarios involving similar concepts.

Our comprehensive evaluation reveals LECTOR’s distinct performance profile with several key
characteristics. First, LECTOR demonstrates clear success rate leadership, achieving the highest
performance (90.2%) among all tested algorithms, outperforming even the strong SSP-MMC baseline
(88.4%). This 1.8 percentage point improvement represents a statistically significant advancement in
learning effectiveness, particularly noteworthy given SSP-MMC’s already robust performance as a
state-of-the-art baseline.

However, this performance improvement comes with deliberate trade-offs that reflect LECTORs test-
oriented design philosophy. The semantic analysis integration results in moderate efficiency scores
(3.73) and higher learning burden (50,706 attempts) compared to most baselines, demonstrating the
algorithm’s intentional focus on maximizing success rate for test preparation scenarios rather than
optimizing computational efficiency. This trade-off is justified in language examination contexts
where success rate directly impacts test performance outcomes.

Figure 5 illustrates how LECTOR’s advantages extend beyond simple success rate gains, showing
enhanced performance in handling semantic complexity and improved adaptation to individual
learning patterns across diverse learning profiles and extended time periods.

The targeted effectiveness of LECTOR’s approach validates the test-oriented methodology for
language examination preparation, where learning outcomes are prioritized over computational
efficiency. The algorithm demonstrates consistent robust performance across varied conditions,
establishing LECTOR as a specialized solution optimized for test-oriented learning through semantic
awareness, with clear applications in language examination preparation contexts where success rate
improvements justify additional computational investment.

5.4 ABLATION STUDY

To understand the contribution of each LECTOR component, we conducted an ablation study
removing key features systematically. Table 2 presents the results across six variants, demonstrating
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Figure 5: Improvement Analysis showing LECTOR’s performance relative to baseline algorithms,
with clear success rate advantages validating the semantic-aware approach.

the relative importance of different algorithmic components. Each ablation variant systematically
removes specific components:

w/o Mastery: Removes mastery-level tracking and adaptive difficulty adjustment based on

learner proficiency

w/o Personal: Removes personalized learning profiles and individual adaptation mecha-

nisms

w/o Adaptive: Removes all adaptive scheduling components (semantic analysis, personal-
ization, and mastery tracking)

w/o Semantic: Removes LLM-based semantic analysis while retaining other adaptive

features

Minimal: Removes all LECTOR enhancements, functioning as a baseline SSP-MMC

scheduler
Table 2: LECTOR Ablation Study Results

Variant Success  Efficiency Avg Performance
Rate Score Interval Drop

LECTOR 0.902 3.78 53 -

w/o Mastery 0.889 3.50 4.9 -1.3%

w/o Personal 0.881 3.93 5.6 -2.1%

w/o Adaptive 0.879 4.11 5.8 -2.3%

w/o Semantic 0.877 4.45 6.3 -2.5%

The ablation results reveal that semantic analysis provides the largest contribution to performance,
with its removal causing a 2.5% drop in success rate. Personalization and adaptive components also
contribute significantly (2.1% and 2.3% respectively). Interestingly, mastery tracking shows the
smallest impact, suggesting potential for optimization. The complete removal of all adaptive features
(Minimal variant) results in a 3.6% performance degradation, highlighting the cumulative value of
LECTOR’s enhancements.

6 DISCUSSION

6.1 LIMITATIONS AND FUTURE WORK

Several limitations merit consideration:
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Computational Overhead: While caching mitigates costs, LLM integration still requires additional
computational resources compared to traditional algorithms.

LLM Dependency: The algorithm’s semantic analysis component depends on external LLM services,
potentially affecting system reliability and cost predictability.

Evaluation Scope: Our evaluation focuses on vocabulary learning scenarios; broader applicability
across different learning domains requires further investigation.

Future research directions include:

* Extension to other learning domains beyond vocabulary
* Investigation of alternative semantic analysis approaches
» Development of offline semantic models to reduce dependency

» Long-term user studies in real-world learning environments

6.2 PRACTICAL IMPLICATIONS

LECTOR’s improvements have significant implications for educational technology, particularly in
test preparation contexts:

Enhanced Test Performance: The 2.0% improvement in success rates, while seemingly mod-
est, represents substantial gains when applied to language examination preparation where small
improvements in vocabulary retention can significantly impact overall test scores.

Reduced Semantic Confusion in Exam Settings: The algorithm’s ability to identify and mitigate
semantic interference directly addresses a common challenge in standardized language tests where
similar vocabulary items often appear as distractors.

Test-Oriented Personalization: Dynamic learning profiles enable more responsive adaptation to
individual learning patterns, crucial for time-constrained test preparation scenarios where maximizing
retention efficiency within limited study periods is essential.

7 CONCLUSION

We present LECTOR, a novel spaced repetition algorithm that successfully integrates LLM-powered
semantic analysis with personalized learning profiles and established spaced repetition principles.
Our comprehensive evaluation demonstrates significant improvements in learning success rates,
particularly in scenarios involving semantic interference.

The algorithm’s key innovations—semantic-aware scheduling, multi-dimensional optimization, and
adaptive personalization—establish new directions for intelligent tutoring systems and adaptive learn-
ing platforms. While computational considerations require careful management, the demonstrated
improvements in learning effectiveness justify the additional complexity.

LECTOR represents a meaningful step toward more intelligent and effective spaced repetition systems.
The integration of modern Al capabilities with proven educational principles opens new possibilities
for adaptive learning technologies. Future work will focus on expanding the algorithm’s applicability
and developing more efficient semantic analysis approaches.

Our results establish LECTOR as a promising foundation for next-generation adaptive learning
systems, with particular relevance for test-oriented vocabulary acquisition and language examination
preparation where semantic relationships play a critical role in learning success and where maximizing
success rate is more important than computational efficiency.
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