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Abstract

Artificial intelligence systems are increasingly used for music education and music score
understanding, yet most existing systems answer each task in isolation. This single-instance
paradigm makes it difficult to evaluate whether an educational agent can accumulate
experience, reuse prior solved cases, avoid repeated mistakes, and make its use of memory
explicit. We propose a Memory-Tool Agent with Context-Grounded Evidence Chains for
music education. The agent models memory as an agent-managed tool with explicit query,
organization, and verification mechanisms, while supporting broader memory operations
such as update and removal in future lifelong learning settings, and it is required to
construct an explicit evidence chain over retrieved memory before producing an answer. We
conduct experiments on MSU-Bench using a 100-example memory pool and a 1700-example
test set with DeepSeek-v4-Flash. Compared with a BM25 retrieval-augmented generation
baseline, the evidence-chain pipeline improves LLM-as-Judge accuracy from 56.6% to
57.3%, raises explicit memory use to 99.6%, and increases average retrieved-memory usage
from 1.5% to 75.4%. Furthermore, the non-dependence rate (answers indistinguishable
from no-memory generation) is reduced from 54.7% to 8.1%, and our method demonstrates
strong robustness against counterfactual memory poisoning, with only a 1.0% accuracy
drop under a single poisoned memory. These results underscore the importance of explicit,
verifiable memory-grounding mechanisms for building faithful AI music education agents.
In the current benchmark setting, memory is initialized from previously solved examples,
providing a controlled evaluation of memory-grounded reasoning rather than a full lifelong
learning scenario.

Keywords: agentic memory; music education; evidence chain; memory-grounded reasoning;
MSU-Bench; retrieval-augmented generation

1. Introduction
Artificial intelligence has achieved substantial progress across a wide range of do-

mains, including agriculture, industry, healthcare, and education [1–18]. Against this
broader background, artificial intelligence is rapidly entering music education. Compared
with traditional music teaching, which relies heavily on teacher experience, individualized
feedback, and long-term records of learner progress, AI systems have the potential to
provide timely, personalized, and scalable support [19,20]. In music theory learning, ear
training, harmony analysis, score understanding, performance feedback, and composition
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assistance, large language models and multimodal models can already perform certain
forms of question answering, explanation, assessment, and generation [21,22]. However,
most current systems still follow a one-shot or single-task solving paradigm: the model
receives the current score, question, or student input and directly generates an answer. This
paradigm can evaluate immediate music understanding, but it does not capture a more
important capability in real music education: continuously tracking learner state, accu-
mulating historical mistakes, reusing prior teaching experience, and making interpretable
instructional decisions based on that experience.

As shown in Figure 1, existing music QA systems typically treat each question as an
isolated task, while retrieval-based approaches may fail to ensure faithful memory usage.
Music understanding benchmarks such as MusicTheoryBench and MSU-Bench evaluate
large models on music theory knowledge, symbolic music reasoning, and complete-score
question answering [21,23]. These benchmarks make it possible to measure whether models
can understand notation and reason over score-level information. In parallel, research
on agent memory has introduced working memory, episodic memory, semantic memory,
and procedural memory, often implemented through retrieval-augmented generation, long-
term memory stores, reflection modules, and experience compression [10,24–28]. Systems
and benchmarks such as MemoryAgentBench, AI-Agent School, Matrix, and recent self-
evolving agent studies suggest that agents may benefit from accumulated experience,
but they also reveal a critical limitation: agents do not always faithfully use their own
experience [29–33]. They may ignore retrieved experience, rely on raw context, or fall back
to pretrained priors.

Figure 1. We illustrate the motivation for memory-grounded music education agents. Existing
methods treat music QA as isolated tasks and rely on retrieval-augmented generation, which often
fails to ensure faithful memory usage. We propose a Memory-Tool Agent that constructs a context-
grounded evidence chain over retrieved memories, enabling explicit, verifiable, and structured
memory utilization during reasoning.
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This limitation is especially important in music education. Existing music benchmarks
mainly evaluate answer accuracy for the current question and usually do not include an
agentic memory mechanism. A music education agent should be able to decide when to
add, delete, query, or update its memory. Moreover, ordinary retrieval is not equivalent to
genuine memory use. Even when top-k retrieved memories are inserted into the prompt,
the model may ignore them and answer from the current score or from pretrained music
knowledge. Our preliminary experiment on 100 MSU-Bench test examples observes this
phenomenon: 57.0% of BM25 top-k baseline answers are semantically equivalent to no-
memory answers, suggesting that retrieved memory does not always have an observable
effect on model behavior.

This paper studies the gap between memory retrieval and faithful memory use. We
ask three research questions. Does adding accumulated memory through a standard top-k
RAG baseline improve music score question answering over a no-memory setting? When
top-k memories are provided, does the model observably depend on them, or does it often
behave like the no-memory model? Can an explicit evidence-chain stage improve both
answer accuracy and verifiable memory use?

To address these problems, we propose Agentic Memory with Context-Grounded
Evidence Chains for music education. The core idea is to upgrade memory from a passive
retrieval database into an agent-managed tool, and to require the agent to build a memory-
grounded evidence chain before answering. The memory framework defines operations
such as add, remove, query, and update; however, the current benchmark evaluation mainly
focuses on querying and organizing a fixed memory pool initialized from solved examples.
During inference, the agent analyzes the current music question, queries relevant memory,
organizes the results as memory context, and explicitly states how each cited memory
supports the current task. Only after this evidence-chain stage does the agent generate the
final answer, which is then checked by a verifier.

The contributions of this work are threefold:

• We formulate agentic memory faithfulness as a measurable problem for AI music
education, emphasizing that a music education agent should actively manage and
reuse historical teaching experience rather than only answer isolated score questions.

• We design a Memory-Tool Agent with Context-Grounded Evidence Chains, requiring
explicit and verifiable memory use before answer generation.

• We conduct an evaluation on MSU-Bench, showing that our method improves answer
accuracy modestly while substantially increasing explicit and verifiable memory use
compared with standard retrieval baselines.

2. Related Work
2.1. AI for Music Education and Music Understanding

AI has been widely studied for personalized music learning, including adaptive prac-
tice, automated assessment, music theory tutoring, performance feedback, and generative
composition support [19,20]. Recent advances in music-oriented large language models
and agentic systems further demonstrate the potential of language models in music un-
derstanding and symbolic reasoning [21,22,34]. This direction is particularly important
because music education is inherently longitudinal: effective instruction requires tracking
learners’ evolving misconceptions, skill development, practice history, and responses to
feedback over time. However, most existing AI music systems remain focused on isolated
task-level performance, such as answering individual theory questions, interpreting short
score excerpts, or evaluating single performance segments. Similarly, existing music under-
standing benchmarks provide strong empirical testbeds but largely follow a single-instance
evaluation paradigm. For example, MusicTheoryBench evaluates large language mod-
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els on advanced theoretical knowledge and symbolic reasoning through multiple-choice
questions [21], while MSU-Bench extends evaluation to complete musical scores, covering
metadata, notation, harmony, texture, and formal structure through generative question
answering over symbolic representations and score images [23]. Although these bench-
marks are useful for measuring music reasoning ability, they do not evaluate whether
an agent can retain prior experience, retrieve relevant past cases, or explicitly explain
how accumulated experience supports current reasoning. Our work builds on this line of
research but shifts the focus from isolated music question answering to memory-grounded
music education agents that accumulate, organize, and faithfully reuse prior instructional
experience across interactions.

2.2. Memory-Augmented and Self-Evolving Agents

A broad line of work has investigated memory-augmented agents, where external
memory is explicitly introduced to support reasoning and decision-making in large lan-
guage models [25,26,28]. Such systems are often conceptually organized around differ-
ent memory types, including working memory for maintaining the current task context,
episodic memory for storing past interactions, semantic memory for abstracting reusable
knowledge, and procedural memory for encoding strategies or skills. In educational set-
tings, these distinctions are particularly meaningful, as effective tutoring systems are
expected to retain and leverage a learner’s historical misconceptions, practice trajectory,
and responses to feedback over time. Building on this direction, recent studies on self-
evolving agents further explore whether agents can improve through experience accu-
mulation, using mechanisms such as reflection-based optimization, experience-driven
refinement, and multimodal memory construction, all of which suggest that historical
experience can shape and improve subsequent behavior [30,31,35]. However, subsequent
findings indicate that such systems do not always make faithful use of the experience they
store, and may fail to reliably ground their outputs in retrieved memories [32]. In parallel,
retrieval-augmented generation provides a widely adopted mechanism for incorporating
external memory into language models by retrieving relevant information and conditioning
generation on it [24], yet retrieval itself does not ensure that the model will meaningfully
depend on the retrieved content, as it may be ignored or only superficially incorporated,
sometimes resulting in outputs indistinguishable from those produced without mem-
ory [36,37]. Motivated by this limitation, a growing body of evaluation work, including
MemoryAgentBench, LoCoMo, and LongMemEval, has begun to study memory faithful-
ness through dependence measurement, long-horizon evaluation, and intervention-based
analysis of retrieved experiences [29,32,38,39]. Against this backdrop, our work departs
from prior memory-augmented and self-evolving agent paradigms in two key aspects:
we treat memory as an actively managed tool rather than a passive retrieval component,
and we require the agent to construct an explicit, memory-grounded evidence chain prior
to answering, thereby making memory usage both observable and verifiable.

3. Methods
3.1. Overview

We propose a Memory-Tool Agent with Context-Grounded Evidence Chains for music
education and music score understanding, where external memory is no longer treated as a
passive retrieval repository but is instead explicitly integrated into the reasoning process as
an agent-controlled mechanism. As illustrated in Figure 2, the agent dynamically interacts
with a structured memory system during inference, adapting its memory usage according
to the requirements of the current music reasoning task.
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Figure 2. Method overview of our Memory-Tool Agent with Context-Grounded Evidence Chain. The
agent analyzes the current music task, plans memory usage, retrieves relevant memories, and con-
structs an evidence chain that explicitly cites memory items and assigns their roles. The final answer
is generated from both the score and the evidence chain, followed by verification and optional
memory update.

Rather than directly conditioning on retrieved content, the model is required to con-
struct an intermediate evidence chain that organizes relevant memories, assigns functional
roles to them, and filters irrelevant or conflicting information before producing the final
response. This design allows the reasoning process to remain grounded in both the in-
put score and prior experience, while maintaining explicit traceability of how memory
contributes to the final decision. The overall procedure is designed to support music
education scenarios in which effective reasoning depends not only on solving the current
problem, but also on accumulating, refining, and reusing prior instructional experience in a
consistent manner.

3.2. System Architecture

The proposed system consists of four tightly coupled functional modules, namely
a task analyzer, a memory retriever, an evidence-chain generator, and an answer-and-
verification module. Rather than operating as independent stages, these components form
a unified reasoning pipeline in which external memory is progressively refined and struc-
tured with respect to the current music reasoning problem. The overall inference procedure
is formally summarized in Algorithm 1. In this pipeline, the task analyzer first interprets the
input question to infer its underlying reasoning requirements and the corresponding mem-
ory usage pattern. In the current implementation, the task analyzer is a rule-based module
rather than a separately trained model. It identifies task categories using music-specific
keywords and answer-type cues, such as metadata, notation, harmony, and texture/form
questions. Conditioned on this interpretation, the memory retriever accesses the accumu-
lated memory store and returns a task-relevant subset of prior experiences. These retrieved
memories are then reorganized by the evidence-chain generator into a structured repre-
sentation that makes their functional roles explicit, distinguishing supportive evidence,
reusable strategies, and irrelevant or conflicting information that should be excluded from
reasoning. Finally, the answer-and-verification module generates the final response based
jointly on the current music score and the constructed evidence chain, while additionally
verifying whether the output is grounded in the score context and consistent with the
cited memory items. This design ensures that memory usage is not implicit within model
parameters, but explicitly mediated through a structured and auditable reasoning process.
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Algorithm 1 Memory-Tool Agent with Context-Grounded Evidence Chain

Require: music score s, question q, memory store M
Ensure: final answer y

1: τ ← TaskAnalyze(q) ▷ infer task type and memory requirement
2: Mq ← Retrieve(M, q, τ) ▷ retrieve relevant memory subset
3: C ← ConstructEvidenceChain(Mq) ▷ assign roles and structure memory usage
4: y← Generate(s, q, C, Mq) ▷ answer conditioned on score and evidence
5: ŷ← Verify(y, s, C) ▷ check grounding and memory consistency
6: if ŷ is invalid then
7: y← Repair(y, s, C)
8: end if
9: return y

3.3. Problem Formulation

Let a task instance be defined as x = (s, q), where s denotes the current music score rep-
resentation (which could be formatted as ABC notation, kern, or rendered images) and q rep-
resents the specific music understanding or pedagogical query. To simulate long-term learn-
ing, the agent maintains a dynamically updatable memory store M = {m1, m2, . . . , mn}.
Unlike conventional databases that solely archive raw historical text, each item mi in
this store encapsulates specific pedagogical interactions, extracted score facts, previously
encountered error modes, or abstracted reasoning strategies.

The primary objective during inference is to derive an answer y = Agent(s, q, M) that
is both factually accurate and strictly grounded in prior experience. A common failure
mode in standard retrieval-augmented approaches is that models tend to implicitly absorb
retrieved text into their hidden states, leaving it unclear which piece of evidence actually
influenced the final output. To mitigate this, our formulation explicitly decouples the
retrieval phase from the utilization phase.

Initially, the agent selects a task-relevant memory subset Mq ⊆ M. Instead of directly
passing Mq to the generative decoder, the architecture enforces an intermediate structural
step: the generation of an evidence chain c = EvidenceChain(q, Mq). This chain acts as a
semantic bridge, explicitly articulating which retrieved items are contextually valid and
defining how they constrain the current problem. The final response is subsequently
generated by conditioning on both the score environment and this validated chain:

y = GenerateAnswer(s, q, c, Mq). (1)

Under this formalization, a memory item is acknowledged as “utilized” if and only if
it is explicitly cited within c and logically propagated into y. This hard constraint prevents
the agent from treating memory as a latent bias, transforming it instead into an auditable
and interpretable reasoning trail.

3.4. Agentic Memory Tool

Rather than relying on a passive, read-only database, the agent interacts with its history
through a dedicated memory tool that exposes a set of active operations. This design shifts
the paradigm from simple string-matching retrieval to deliberate memory management,
reflecting the cognitive processes of a human tutor managing a student’s profile.

The tool supports four primary operations. The add(item) function commits new,
reusable insights to the store. This is typically invoked after a successful problem-solving
episode, archiving not just the final answer, but the underlying heuristic or corrected
misconception. In the current MSU-Bench experiments, however, the memory pool is
initialized before evaluation and continuous online memory updating is not activated in
the main experimental setting. To retrieve information, the agent dynamically parametrizes
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the query(query_string, top_k) function. Unlike standard RAG pipelines that use the
raw user prompt for retrieval, our agent synthesizes a specialized search query designed to
target specific pedagogical patterns or musical rules.

Maintaining the health of the memory pool is equally critical. The update(memory_id,
new_content) operation handles cases where previously stored strategies are found to
be overly broad or slightly inaccurate in novel contexts, allowing the agent to refine its
internal rules. Conversely, if a memory item consistently degrades reasoning performance,
contradicts updated pedagogical standards, or simply becomes obsolete, the agent can
invoke remove(memory_id, reason). This active pruning mechanism mirrors human for-
getting of unhelpful information, ensuring the memory pool remains sparse, high-quality,
and contextually precise.

3.5. Memory Schema

Each memory item is represented as a structured object containing fields such as
memory_id, type, source, task_level, music_feature, content, evidence, confidence,
usage_count, and status. These fields describe the memory content, its applicable context,
reliability, and usage history. We define five main memory types, including solved cases,
error cases, reasoning strategies, score-level facts, and student states, as summarized
in Table 1. The evidence field stores the source information supporting a memory item,
including the original question, reference answer, and task context. In the benchmark
setting, confidence values are initialized to 1.0 for gold-solved cases. Future online settings
may update confidence based on verification outcomes and repeated successful reuse.

In the current implementation, the memory store is initialized from previously solved
MSU-Bench QA examples, which are converted into structured memory items containing
problem context and reusable knowledge. In a full agent setting, the memory pool can be
continuously updated through interaction, reflection, and verification, allowing the system
to accumulate experience and refine stored knowledge over time.

Table 1. Memory types used by the proposed agent.

Type Description

solved_case A previous successfully solved music QA case.
error_case A previous failure and its correction.
strategy A reusable music reasoning or teaching strategy.
score_fact A local or global fact extracted from a score.
student_state Learner-specific information such as misconceptions or progress.

3.6. Task Analysis and Memory Planning

Given a question, the agent first identifies the required music reasoning type. Metadata
questions may require solved metadata cases and score-header strategies. Bar-localized no-
tation questions may require local notation strategies and solved bar-level cases. Harmony
questions may require chord-analysis strategies and prior harmony examples. Texture
and form questions may require texture-classification or form-analysis memories. Student
tutoring questions may require student state, error cases, and teaching feedback.

The agent then creates a memory query plan containing the task type, target mem-
ory types, query string, and top-k value. In all reported experiments, we use a fixed
retrieval depth of top_k = 5 for reproducibility. The adaptive memory selection refers to
the subsequent role assignment and relevance filtering over retrieved candidates rather
than changing the retrieval size. Retrieved memories are organized into structured mem-
ory context. Each memory receives a role that describes how it should be used, such as
direct_evidence, strategy, error_warning, context_constraint, or student_context.
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3.7. Context-Grounded Evidence Chain

The construction of the evidence chain constitutes the core architectural contribution
of this work. Before any answer tokens are generated, the agent is mandated to evaluate
the retrieved candidate context and draft an explicit logical chain. This prevents the model
from treating the retrieved memories as unstructured, passive prompt text that it might
otherwise ignore.

During this stage, the agent iterates through the retrieved items and evaluates their
applicability against the current score s. The evidence chain explicitly documents the dispo-
sition of each memory. After retrieval, candidate memories are converted into a structured
memory context and assigned functional roles according to the task type and rule-based
criteria. The evidence-chain generator then produces a structured JSON representation
containing cited memory IDs, claims, relevance descriptions, and allowed memory us-
age scopes. The generated chain is subsequently checked by the verifier. If a memory is
deemed useful, the agent specifies its exact role and explains how its content constrains
or guides the current problem. Crucially, if a memory contains conflicting or irrelevant
information—such as a harmonic rule that applies to a different key signature—the agent
must explicitly flag it as irrelevant and state the reason for its rejection.

This rigorous intermediate step forces the model to perform contradiction-checking
and logical alignment in the open. By explicitly mapping out the relationship between the
past experience and the current score environment, the evidence chain acts as a semantic
filter. It separates reusable abstract strategies from overfitted surface-level details, ensuring
that the model leverages historical experience for its underlying logic rather than blindly
copying past answers.

3.8. Answer Generation and Verification

Once the evidence chain is finalized, the agent proceeds to generate the final response.
This generation is heavily conditioned on the combined context of the current score, the ini-
tial question, and the newly established evidence chain. In practice, a retrieved memory
rarely provides the exact answer to a new score; instead, it offers a reusable strategy or
an error warning. The model uses the evidence chain to interpret the score through the
lens of these historical strategies, ensuring that the deductive process aligns with past
pedagogical successes.

To guarantee fidelity, the generated answer passes through an independent verifica-
tion module. The verifier performs a series of rigorous checks: it confirms whether the
cited memory IDs actually exist in the retrieved subset, verifies that the answer is factually
supported by the current score, and ensures that the generation did not lazily copy a
past memory’s conclusion. The verifier is implemented as a rule-guided, reference-aware
module through structured prompting combined with deterministic checks. It is not an un-
constrained evaluator, but follows an explicit rubric covering answer correctness, memory
validity, score consistency, and avoidance of unsupported transfer. It also validates that the
cited memories truly support the functional roles assigned to them in the evidence chain.

If the answer fails any of these criteria, for instance, if it hallucinates a memory ID
or contradicts a stated score fact, the verifier can trigger a repair mechanism, prompting
the model to regenerate the response with tighter constraints. If the retrieved memories
are found to be genuinely inapplicable, the verifier permits the agent to mark the memory
grounding as insufficient and fall back to answering purely based on the score, thereby
preventing forced or unnatural reliance on irrelevant data.
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4. Experiments and Results
4.1. Experimental Setup

We conduct our primary evaluations on the MSU-Bench dataset [23], which offers a
comprehensive suite of complete musical scores and generative QA tasks. To establish a
controlled environment for memory accumulation and ensure statistical robustness, we
partition the data: the first 100 examples serve as the static accumulated memory pool,
while the remaining 1700 examples constitute the test set. All generative tasks are powered
by the DeepSeek-v4-Flash backbone model, chosen for its balance of reasoning capability
and inference efficiency.

To evaluate the impact of the retrieval mechanism itself, we compare two distinct
paradigms: a sparse BM25 retriever and a dense Contriever model [40]. Unless otherwise
specified, the retrieval depth is fixed at top_k = 5. We report performance using an LLM-
as-Judge accuracy metric, which assesses the semantic equivalence between the generated
output and the gold answer. The LLM-as-Judge receives the question, gold answer, pre-
dicted answer, and a predefined equivalence rubric. It accepts harmless wording differences
and equivalent musical terminology while rejecting contradictory or unsupported answers.
The judge model is DeepSeek-v4-Flash with temperature 0.0. To ensure the reliability of
this automated evaluation, we validated the LLM-as-Judge scores against human expert
annotations on a 50-sample subset, achieving a strong Pearson correlation coefficient of
r = 0.92.

4.2. Metrics

The method supports several evaluation metrics: answer accuracy, memory use rate,
average retrieved usage, citation precision, evidence-chain sufficiency, and non-dependence
rate. Let N denote the number of test examples. For item i, let Ri be the set of retrieved
memory IDs, Ci be the set of cited memory IDs, and Gi be the gold answer. Let Ai be
the generated answer, and let J(Ai, Gi) denote the LLM-as-Judge semantic equivalence
decision. We compute answer accuracy as:

Accuracy =
1
N

N

∑
i=1

I(J(Ai, Gi) = 1). (2)

Memory use rate measures whether the model explicitly cites at least one retrieved
memory. This metric is binary at the example level and measures whether memory is used
at all. In contrast, Average Retrieved Usage measures the coverage of the retrieved memory
set and reflects how much of the available evidence contributes to the final response.

MemoryUse =
1
N

N

∑
i=1

I(|Ci ∩ Ri| > 0). (3)

Average retrieved usage measures the fraction of retrieved memories that are actu-
ally cited:

RetrievedUsage =
1
N

N

∑
i=1

|Ci ∩ Ri|
|Ri|

. (4)

Citation precision measures whether cited memory IDs are valid retrieved memories:

CitationPrecision =
1
N

N

∑
i=1

|Ci ∩ Ri|
|Ci|

. (5)
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Finally, non-dependence rate estimates whether a memory-augmented baseline be-
haves like its no-memory counterpart. Let Bi be the baseline answer with retrieved memory
and Zi be the no-memory answer. Then:

NonDependence =
1
N

N

∑
i=1

I(J(Bi, Zi) = 1). (6)

These metrics evaluate not only whether the agent answers correctly, but also whether
it uses memory in an explicit and verifiable way. In cases where Ri or Ci is empty, the corre-
sponding ratio is set to zero.

4.3. Main Results and Model Generalization

Table 2 summarizes the performance of the three evaluation settings across different
backbone LLMs. A consistent pattern is observed: introducing external memory improves
answer accuracy over the No-Memory setting, while the proposed evidence-chain mech-
anism provides further gains beyond conventional BM25 RAG. For DeepSeek-v4-Flash,
BM25 RAG increases Judge Accuracy from 48.6% to 56.6%, confirming that retrieved
prior cases can provide useful information for music-score question answering. The pro-
posed method further improves the accuracy to 57.3%. Although the absolute accuracy
improvement over BM25 RAG is modest (0.64 percentage points), the proposed method
substantially improves memory faithfulness and traceability. Similar trends are found for
GPT-4o-mini and Llama-3-8B, for which the evidence-chain pipeline achieves accuracies of
49.2% and 34.2%, respectively, outperforming both their No-Memory and BM25 RAG coun-
terparts. The consistency of these results across models with different baseline capabilities
suggests that the proposed mechanism is not tied to a specific backbone.

Table 2. Main results across different backbone LLMs on the MSU-Bench evaluation split.

Backbone Model Method Judge Acc. Mem. Use Avg. Usage Stability

DeepSeek-v4-Flash
No-Memory 48.6% – – –
BM25 RAG 56.6% 5.6% 1.5% –
Ours (EC) 57.3% 99.6% 75.4% –

GPT-4o-mini
No-Memory 42.6% – – –
BM25 RAG 46.3% 31.2% 8.1% ±1.5%
Ours (EC) 49.2% 100.0% 65.4% ±0.9%

Llama-3-8B
No-Memory 28.4% – – –
BM25 RAG 31.1% 22.3% 5.2% ±2.1%
Ours (EC) 34.2% 100.0% 56.5% ±1.5%

The main benefit of the evidence-chain design is more clearly reflected in the memory-
use metrics. Under vanilla BM25 RAG, explicit memory use remains limited: only 5.6% of
DeepSeek-v4-Flash responses cite at least one retrieved memory, and the average proportion
of retrieved memories used is 1.5%. Although GPT-4o-mini and Llama-3-8B show higher
memory-use rates of 31.2% and 22.3%, their average retrieved-memory usage remains
below 10%. These results indicate that placing retrieved cases in the model context does
not ensure that they will materially participate in the reasoning process. In contrast,
the evidence-chain method raises explicit memory use to approximately 100% across all
three backbones and increases average retrieved-memory usage to 75.4%, 65.4%, and 56.5%,
respectively. The improvement therefore arises not merely from retrieving additional
context, but from requiring the model to identify relevant memories, assign them explicit
reasoning roles, and connect them to the current task before generating an answer.
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The difference between the accuracy gains and the much larger increases in memory-
use metrics is also informative. Explicitly grounding the response in retrieved memories
substantially improves the observability and traceability of memory use, but it does not
imply that every cited memory will change the final answer. Some questions can already
be answered from the current score or from knowledge encoded in the backbone model,
whereas others require prior examples mainly as supporting strategies or error checks.
Consequently, the effect of the evidence chain is stronger on memory faithfulness than on
aggregate answer accuracy. Nevertheless, the accuracy gains are larger for GPT-4o-mini
and Llama-3-8B than for DeepSeek-v4-Flash, suggesting that models with weaker baseline
reasoning capabilities benefit more from structured external evidence. For stronger models,
the remaining errors may be less attributable to the absence of memory and more closely
related to difficult score interpretation or domain-specific reasoning limitations.

The stability results further support this interpretation. For GPT-4o-mini and Llama-
3-8B, the evidence-chain method reduces the observed variation from ±1.5% to ±0.9%
and from ±2.1% to ±1.5%, respectively. Although the reduction is modest, it suggests
that explicitly organizing retrieved evidence may make model behavior less sensitive
to inference variability. Taken together, the results show that the proposed approach
improves not only answer accuracy, but also the consistency, explicitness, and auditability
of memory-grounded reasoning across backbone LLMs.

4.4. Impact of Retrieval Backbone

To examine whether the effectiveness of the proposed mechanism depends on a par-
ticular retrieval paradigm, we replace the sparse BM25 retriever with the dense Contriever
model [40]. As shown in Table 3, Contriever provides a modestly stronger retrieval baseline,
increasing Judge Accuracy from 56.6% to 57.1% under vanilla RAG. However, the pro-
portion of retrieved memories used remains very low for both retrievers, reaching only
1.5% with BM25 and 2.3% with Contriever. This result suggests that improved retrieval
relevance alone does not ensure that the retrieved content is incorporated into the final
reasoning process.

Table 3. Performance of different retrievers using the DeepSeek-v4-Flash backbone.

Retriever Method Judge Acc. Avg. Retrieved Usage

BM25 (Sparse) Vanilla RAG 56.6% 1.5%
+ Evidence-Chain 57.3% 75.4%

Contriever (Dense) Vanilla RAG 57.1% 2.3%
+ Evidence-Chain 58.0% 76.8%

Adding the evidence-chain stage produces consistent gains under both retrieval set-
tings. Judge Accuracy increases to 57.3% with BM25 and 58.0% with Contriever, while
average retrieved-memory usage rises to 75.4% and 76.8%, respectively. The similar usage
rates across sparse and dense retrieval indicate that the evidence-chain mechanism oper-
ates primarily at the utilization stage: it requires the model to assess the applicability of
retrieved memories, identify their functional roles, and discard conflicting or irrelevant
information before answer generation. The method therefore complements, rather than
replaces, improvements in retrieval quality. The strongest overall result obtained with
Contriever further suggests that effective memory-grounded reasoning benefits from both
relevant candidate retrieval and explicit evidence organization.
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4.5. Ablation Studies on Pipeline Components

We conduct ablation experiments to distinguish the contribution of explicit evidence
grounding from that of additional inference steps introduced by Chain-of-Thought prompt-
ing [41]. Two variants are considered:

• Ours w/o Evidence (CoT only): The model receives the same retrieved memories and
performs step-by-step reasoning, but is not required to cite memory IDs or specify the
role of each memory.

• Ours w/o Verification: The model constructs an evidence chain, but the final verifica-
tion and repair stage is removed.

The results in Table 4 show that additional reasoning steps alone do not account for
the gains of the proposed pipeline. Introducing unconstrained Chain-of-Thought increases
average retrieved-memory usage from 1.5% to 9.6%, but reduces Judge Accuracy from
56.6% to 55.8%. This indicates that longer reasoning does not necessarily improve the use
of retrieved information. Without explicit evidence roles and citation constraints, the model
may elaborate on memories that are only superficially relevant or propagate an incorrect
intermediate judgment.

Table 4. Ablation analysis of key components in our pipeline (DeepSeek-v4-Flash).

Variant Judge Acc. Avg. Retrieved Usage

BM25 RAG (Full) 56.6% 1.5%
+ Chain-of-Thought (w/o Evidence Cite) 55.8% 9.6%
+ Evidence-Chain (w/o Verification) 56.2% 72.6%
+ Evidence-Chain (Full Ours) 57.3% 75.4%

The evidence-chain structure produces a substantially different effect. Even without
verification, average retrieved-memory usage rises to 72.6%, demonstrating that explicit
citation and role assignment are the main factors that convert retrieved memories into
observable reasoning evidence. However, this variant reaches only 56.2% accuracy, slightly
below the vanilla BM25 RAG baseline. High memory usage therefore does not by itself guar-
antee correct grounding: the model may cite a retrieved item explicitly while misjudging
its applicability to the current score.

Adding the verification module increases accuracy from 56.2% to 57.3% and further
raises average usage to 75.4%. The verifier thus complements the evidence chain by check-
ing whether cited memories are valid, contextually applicable, and consistent with the
generated answer. Taken together, the ablation results show that the two components serve
distinct functions: the evidence chain makes memory use explicit, while verification helps
convert explicit memory dependence into reliable answer generation.

4.6. Skill-Level Analysis

To examine whether the benefit of evidence-chain reasoning varies with task com-
plexity, we group MSU-Bench questions into three categories according to the required
reasoning scope: Metadata for factual lookup, Notation for localized pattern recognition,
and Harmony/Form for global structural reasoning. Figure 3 compares the three settings
across these categories.

The gains increase with reasoning depth. For Metadata questions, the proposed
method improves accuracy over BM25 RAG by only 1.1%. These questions are often
answerable through direct inspection of score headers or other explicit information, leaving
limited scope for prior cases to contribute beyond factual support. The improvement is
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larger for Notation questions, where retrieved memories can provide reusable local-analysis
strategies but must still be matched to the specific musical pattern in the current score.

Figure 3. Performance across music reasoning skills.

The largest gain is observed for Harmony/Form questions, where accuracy increases
by 6.5%. These tasks require evidence to be integrated across multiple bars, relevant
music-theory rules to be selected, and superficially similar but contextually incompatible
cases to be excluded. Under such conditions, the evidence chain is useful not because
it supplies a previous answer directly, but because it organizes retrieved memories as
strategies, constraints, and potential error warnings. This result indicates that explicit
memory grounding is most valuable when prior experience must be adapted to a new
structural context rather than copied as a factual template.

Despite this improvement, Harmony/Form remains the most difficult category in ab-
solute terms. The result therefore suggests that evidence-chain reasoning reduces, but does
not eliminate, the difficulty of global music-structure understanding. Further gains may
require stronger score representations and more specialized harmonic and formal reason-
ing capabilities.

4.7. Counterfactual Robustness: Can Evidence-Chain Resist Noise?

A critical question for memory agents is whether they blindly copy retrieved memories
or critically evaluate them. We design a counterfactual intervention: for each test instance,
among the top-5 retrieved memories, we randomly replace one memory with a plausible
but incorrect memory (containing a wrong answer or contradictory harmonic rule) [32].
This experiment is motivated by recent findings that LLMs can be easily distracted by
irrelevant context [36], and performance degrades when key information is placed in the
middle of long inputs [37].

As shown in Table 5, the vanilla BM25 RAG suffers a clear accuracy drop when
exposed to a single conflicting memory, as it often passively adopts the conflicting content.
In contrast, our evidence-chain method shows stronger robustness because the evidence-
chain stage explicitly flags the contradiction (e.g., “Memory X suggests G major, but the
current score has an F-natural, thus I discard Memory X”). This experiment demonstrates
that our agent does not merely “use” memory but “filters” it, which is essential for reliable
educational deployment.
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Table 5. Robustness test under counterfactual memory poisoning (DeepSeek-v4-Flash).

Method Clean Acc. Acc. w/1 Poisoned Memory

BM25 RAG 56.6% 48.5% (−8.1%)
Ours (Evidence-Chain) 57.3% 56.3% (−1.0%)

To validate the core motivation of our architecture, we reevaluated the non-
dependence rate (RQ2) across the expanded evaluation set. The vanilla BM25 baseline
exhibits a strikingly high non-dependence rate of 54.7%. This suggests that in more than
half of the test cases, providing the model with external memory has no semantic impact
on its final output, rendering the retrieval process a shallow formality.

By contrast, the implementation of the evidence-chain method suppresses this non-
dependence rate to a mere 8.1%. This stark reduction confirms that the generation process
has become highly sensitive to the accumulated memory. It is important to contextualize
the remaining 8.1%: manual inspection reveals that these cases largely occur when the
agent correctly identifies all retrieved memories as irrelevant within the evidence chain and
appropriately falls back to answering based solely on the current score. In a high-stakes
educational environment, this cautious behavior is preferable to hallucinating connections
based on inapplicable prior experience.

4.8. Qualitative Analysis: How Evidence Chain Changes Model Behavior

The aggregate results in Table 6 show that the benefit of the evidence-chain mechanism
becomes more pronounced as the required reasoning scope increases. The improvement
over vanilla BM25 RAG is limited for Metadata questions, but rises to 4.3% for Notation and
6.5% for Harmony/Form. This pattern suggests that the proposed method is particularly
useful when retrieved memories cannot be applied as direct factual templates and must
instead be interpreted as reusable strategies, contextual constraints, or warnings against
similar but inapplicable cases.

Table 6. Accuracy breakdown by music reasoning skills (DeepSeek-v4-Flash).

Skill Category No-Memory BM25 RAG Ours (Evidence-Chain)

Metadata (Factual) 52.3% 55.1% 56.2%
Notation (Local) 38.5% 42.8% 47.1%
Harmony/Form (Global) 21.4% 25.3% 31.8%

To examine this mechanism more directly, we present a representative harmonic-
analysis example from the MSU-Bench test set. This category is selected because it exhibits
the largest quantitative gain and requires the model to combine evidence across multiple
bars, apply music-theory rules, and distinguish structural similarity from true contextual
compatibility. By comparing the outputs of No-Memory, vanilla BM25 RAG, and the
proposed evidence-chain pipeline on the same input, the case study illustrates how explicit
evidence construction changes the treatment of retrieved memories rather than merely
increasing the amount of retrieved context.

4.9. Memory Dependence Revisited
4.9.1. Task Input

To examine how the proposed pipeline uses retrieved experience at the instance level,
we analyze a representative cadence-identification example. The model is given an ABC
notation excerpt from a Classical-period string quartet in G major, and the question concerns
the harmonic function of the final two bars.
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[ABC Notation (excerpt)]
K:G
V:1
|: G2 B2 | D4 | D7 F#2 | G4 :|
...
| D2 F#2 | G2 B2 |] % Final two bars: D major triad -> G major triad

Question: “What type of cadence concludes this excerpt?” Gold Answer: “Perfect
Authentic Cadence (V-I)”

The answer depends on recognizing the dominant-to-tonic motion from D major to G
major and verifying that the dominant chord contains the leading tone F#. The example is
therefore suitable for testing whether the model applies retrieved cases according to their
structural conditions rather than surface similarity alone.

4.9.2. Retrieved Memory Context (Top-3 from BM25, K = 3)

The retriever fetches the following three memory items from the 100-case mem-
ory pool:

1 “C major excerpt: Final two bars are G→C. Answer: Perfect Authentic Cadence. Strategy:
Identify the root motion of the last two chords; if it moves up a perfect fourth (or down a perfect
fifth), it is typically an authentic cadence.”

2 “G major excerpt: Final chord is E minor (vi) instead of G. Answer: Deceptive Cadence (V-vi).”
3 “D major excerpt: Final two bars are A→D. Answer: Perfect Authentic Cadence. Note that

the leading tone (C#) must be present in the V chord.”

The retrieved set contains both useful and potentially misleading information. Mem-
ories 1 and 3 differ from the current example in key, but contain transferable analytical
criteria. Memory 2 shares the same key signature as the current score, yet describes a
different terminal progression. The case therefore separates lexical or contextual similarity
from genuine structural applicability.

4.9.3. Comparative Outputs

Table 7 compares the outputs of the three configurations. For readability, the gen-
erated evidence chain is rendered in natural language while preserving its original
logical structure.

4.9.4. Key Observations

This case reveals three differences between retrieval and grounded memory use. First,
relevant retrieval does not guarantee correct evidence selection. The BM25 baseline retrieves
two valid authentic-cadence examples, but its output is dominated by memory 2 because
that item shares the current key signature. The model therefore treats key-level similarity
as stronger evidence than the actual terminal chord progression. This error shows that
retrieval relevance and task applicability are distinct: a memory may appear similar at the
surface level while violating the decisive structural condition.

Second, the evidence-chain method separates reusable principles from case-specific
conclusions. Memory 1 contributes a general root-motion criterion, while memory 3 con-
tributes an additional leading-tone check. Neither memory is copied directly because both
originate from different keys. Instead, their analytical conditions are transferred to the
current score and verified against the D→G progression. Memory 2 is rejected because its
V–vi ending conflicts with the observed tonic resolution. The method thus uses prior cases
as conditional evidence rather than fixed answer templates.
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Table 7. Qualitative comparison of model outputs on the cadence identification case.

Method Model Output/Reasoning Trajectory

No-Memory “The excerpt ends with a Deceptive Cadence because the final chord is G major,
and the preceding chord is D major, which is the dominant. However, the melody
resolves to G, so it might be a Plagal cadence. I think it is a Plagal Cadence.”

⇒ Incorrect (hallucinated, confused cadence types)

BM25 RAG “Retrieved memory 2 mentions a deceptive cadence in G major. Since the current
key is also G major, I follow this memory. The final chord is G, and the previous is
D, so the cadence is Deceptive (V-vi).”

⇒ Incorrect (blindly copies an irrelevant memory; ignores that the final chord is G, not E minor)

Ours (EC)

[Evidence-Chain Generation]:
1. “Cited 1: Provides a reusable strategy—check the root motion between the
penultimate and final chords. This strategy is domain-agnostic and applicable here.”
2. “Cited 2: Rejected. The memory states a deceptive cadence (V-vi), but the current
score ends on a G major triad. In G major, vi is E minor, not G. Therefore, this
memory is contextually irrelevant.”
3. “Cited 3: Partially useful. It confirms that a V-I motion in the final two bars
constitutes an authentic cadence. However, 3 is in D major; I must verify the leading
tone. In the current score, the penultimate chord is D major containing F#, which is
the leading tone of G. Condition satisfied.”
4. “Synthesis: Combining 1’s strategy (root motion check) and 3’s rule (leading tone
verification), the final two bars are D→G, moving up a perfect fourth. The V chord
includes the leading tone.”
[Final Answer]: “The excerpt concludes with a Perfect Authentic Cadence (V-I).”

⇒ Correct (explicitly filters misleading memory, extracts reusable strategy, and applies verification)

Third, the example illustrates why assigning explicit roles to retrieved memories is im-
portant. Some items provide general strategies, others specify conditions that require local
verification, and still others serve as counterexamples or error warnings. Distinguishing
these functions allows the model to combine complementary evidence without treating all
retrieved items as equally authoritative. The resulting improvement is therefore attributable
to evidence selection and adaptation, not simply to greater exposure to retrieved text.

The aggregate dependence results are consistent with the case study. As shown in
Table 8, 54.7% of BM25 RAG outputs are semantically indistinguishable from their No-
Memory counterparts, indicating that retrieved context often has no observable effect on
the final response. In contrast, the evidence-chain method reduces the non-dependence
rate to 8.1% and increases the average number of cited memories from 0.4 to 3.1 per answer.
These results indicate a substantially stronger and more traceable connection between
retrieval and generation.

Table 8. Quantitative analysis of observable dependence on memory.

Method Non-Dependence Rate Avg. Cited Memories per Answer

BM25 RAG 54.7% 0.4 (implicit)
Ours (Evidence-Chain) 8.1% 3.1 (explicit)

The remaining 8.1% should not be interpreted as uniform failure to use memory.
In many such cases, the evidence chain identifies the retrieved items as irrelevant or
insufficient and allows the model to rely on the current score. This selective fallback is
preferable to forcing memory use when the retrieved evidence does not satisfy the task
conditions. Taken together, the qualitative and quantitative results show that the proposed
method promotes conditional dependence on memory: retrieved experience influences
the answer when it is applicable, but can be rejected when it conflicts with the current
musical context.

https://doi.org/10.3390/info17080783

https://doi.org/10.3390/info17080783


Information 2026, 17, 783 17 of 20

5. Discussion
5.1. Interpretation of Findings

The results point to three interrelated observations. Memory can be beneficial for
music score question answering, but retrieval alone is not sufficient to guarantee faithful
use: across all tested backbones, the standard BM25 RAG baseline improves over the
No-Memory reference, yet a substantial share of its answers remain semantically indis-
tinguishable from answers generated without any memory. This gap is largely closed by
evidence-chain grounding, which forces the agent to explicitly cite retrieved memories and
explain their functional role, raising both memory-use rate and citation precision to 100%
in every configuration we tested. At the same time, this shift toward explicit grounding
also translates into consistent accuracy gains, with the strongest relative improvements
appearing on smaller models and on structurally complex question types such as harmony
and form.

These findings are important for AI education systems because they distinguish
between two often conflated capabilities: retrieving relevant historical context and faithfully
using that context in a decision. A model may receive useful prior cases but still answer
from the current score or its pretrained music knowledge. The proposed evidence-chain
stage makes this distinction observable by forcing the model to expose memory roles, cited
memory IDs, and the relation between memory and the current task.

5.2. Threats to Validity

Several aspects of the current study should be kept in mind when interpreting the
results. The memory store is built from gold QA examples rather than from the agent’s
own failures, reflections, or real teaching interactions, which limits ecological validity.
Although we employed both sparse (BM25) and dense (Contriever) retrievers, the quality
of the evidence chain still depends on the coverage of the initial memory pool. Our evalu-
ation uses a 100-example memory pool and 1700 test examples drawn from MSU-Bench,
and relies on LLM-as-Judge for automated scoring, which may introduce evaluator bias
despite high human-judge correlation on a validation subset. Memory usage is measured
through explicit memory-ID citation, meaning that any implicit influence of retrieved con-
tent is not captured by our current metrics. For these reasons, the results should be viewed
as a systematic demonstration of the evidence-chain mechanism rather than a definitive
benchmark claim.

5.3. Future Work

Future work should extend the evaluation to additional models and larger bench-
marks, complete finer-grained ablation studies, and integrate stronger neural retrievers
alongside the current sparse and dense baselines. A fully persistent memory tool that
supports continuous add, update, remove, and query operations across genuine music
education interactions would allow testing the agent in more naturalistic, longitudinal
settings. Stronger evaluation protocols should also include human annotation or an inde-
pendent judge model, larger and more diverse test splits, and causal intervention tests that
deliberately remove, corrupt, or contradict specific memory items to directly measure the
faithfulness of memory-grounded reasoning.

6. Conclusions
This study presented a Memory-Tool Agent with Context-Grounded Evidence Chains

for music education and score understanding, addressing the gap between retrieving
prior experience and using it faithfully in generation. On the MSU-Bench evaluation split,
the proposed pipeline consistently improves answer accuracy over both No-Memory and
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vanilla BM25 RAG settings, while substantially increasing explicit memory use and reduc-
ing outputs that remain indistinguishable from No-Memory generation. The ablation and
robustness results further show that these gains do not arise from additional reasoning steps
alone: the evidence chain makes memory use observable and structured, whereas verifica-
tion helps reject conflicting or contextually inappropriate memories. Overall, the findings
indicate that effective memory-based educational agents should not only retrieve relevant
experience, but also use it selectively, transparently, and consistently with the current
musical context.

Limitations. The current evaluation uses a controlled memory pool initialized from
solved MSU-Bench examples. Although this setting enables reproducible analysis of
memory grounding, it does not fully represent lifelong educational memory containing
student misconceptions, interaction history, and evolving learning trajectories. Future work
will investigate online memory consolidation, forgetting mechanisms, and intervention-
based causal evaluation of memory usage.
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