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Abstract. Large Language Model (LLM) agents increasingly rely on
external memory to support long-term reasoning, adaptation, and gen-
eralization. While prior work has explored reflective memory for self-
evaluation and semantic memory for storing abstract knowledge, the
interaction between them remains underexplored. This article introduces
a unified memory architecture in which reflection and semantic memory
co-evolve to support lifelong learning. Reflection is used to evaluate and
refine semantic memory through selective strengthening, stabilization,
refinement, and forgetting, while semantic memory enriches the reflection
process by grounding self-critique in accumulated knowledge. This bidirec-
tional coupling enables more effective use of past experience and improves
downstream decision-making. Experiments on the ARC Challenge dataset
with the Phi-2 model show consistent improvements over baselines using
isolated or loosely coupled memory mechanisms. Overall, our proposed
approach advances the design of adaptive LLM-based agents capable of
robust, long-horizon reasoning through tightly integrated, heterogeneous
memory systems.

Keywords: LLM Agent · Memory-Augmented LLMs · Bidirectional
Memory Interaction · Memory Pruning and Refinement

1 Introduction

Large Language Model (LLM) agents have transformed human–computer inter-
action, enabling conversational systems for information retrieval, explanation,
and decision support. Many of these systems rely on semantic memory, typically
implemented through Retrieval-Augmented Generation (RAG) [5, 15], to provide
curated external knowledge that enhances in-context reasoning.

Tasks requiring long-term coherence, adaptation, and sustained reasoning
remain challenging because LLM-based agents are inherently stateless. To address
this limitation, recent studies have introduced memory-augmented agents that
incorporate explicit memory modules (e.g., episodic or reflective stores) to retain
and reuse past experiences [11, 13, 9]. While these approaches improve adaptation,
they often treat memory components independently.
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Most reflection mechanisms rely only on short-term trajectories or local
feedback [7, 8, 12], which can lead to shallow, inconsistent, or non-transferable
insights. At the same time, semantic memory may contain redundant, outdated,
or conflicting knowledge, which can degrade effectiveness over time if not properly
curated. These limitations highlight a gap in the connection between semantic
and reflective memory in LLM-based agents.

This study specifically focuses on the interaction between semantic memory
(structured, generalized knowledge) and reflective memory (self-critique and
reasoning feedback). Reflection mechanisms help agents evaluate past decisions
and refine behavior, while semantic memory captures reusable abstractions from
experience. To the best of our knowledge, existing approaches rarely explore how
these two memory types should explicitly inform and reinforce one another in
the context of LLM-based agents.

Our solution proposes a unified architecture in which semantic and reflective
memory interact bidirectionally. In our approach, semantic memory grounds
and enriches reflection, while reflection evaluates and refines semantic knowledge
through pruning and rewriting. This synergy enables the agents to exhibit more
coherent, adaptive, and self-improving behavior over time.

We experimentally evaluate the effectiveness of the proposed solution on the
ARC (AI2 Reasoning Challenge) dataset using Microsoft’s Phi-2 as the core small
language model (SLM) within the agent. Our study includes ablation analyses
of semantic and reflective memory components, assessing their individual and
combined impact on reasoning performance across the official training, validation,
and test splits. Results show that each memory component yields measurable gains
over the baseline, and their bidirectional integration yields the best effectiveness,
improving accuracy by 7.16 percentage points over a no-memory baseline and by
3.84 percentage points over static semantic retrieval alone.

The remainder of this article is organized as follows. Section 2 reviews related
work on memory-augmented LLM agents and reflection-based learning. Section 3
defines our unified memory architecture. Section 4 presents the methodology for
the experimental evaluation. Section 5 reports our results, and Section 6 discusses
our key findings. Section 7 presents the concluding remarks.

2 Related Work

Early studies on reflection-based agents showed that explicit self-critique improves
reliability. Shinn et al. [14] introduced Reflexion, which converts environmental
feedback into verbal reinforcement signals. Building on this paradigm, Zhao et al.
[20] proposed ExpeL, which distills Reflexion experiences into reusable insights
without parameter updates. Renze and Guven [12] characterized how self-critique
affects problem-solving, and Wu et al. [18] proposed Editable-LLM to correct
flawed reasoning. However, these approaches rely solely on local trajectories,
without persistent knowledge to ground the reflection process.

A growing body of studies argues that introspection alone is insufficient and
that structured memory is essential for long-term agent behavior. Tan et al.
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[16] proposed Reflective Memory Management (RMM) to build personalized
memories by combining prospective summaries with retrospective reflections,
improving retrieval and long-context dialogue performance. Liang et al. proposed
SAGE [7] to integrate iterative reflection with memory compression guided by
the Ebbinghaus forgetting curve, demonstrating that long-term organization of
information enhances reflective reasoning.

Park et al. [10] showed that natural-language memory streams can be pe-
riodically synthesized into reflections that steer agent behavior, but they do
not explicitly incorporate structured semantic knowledge. MemInsight [13] pro-
posed an autonomous memory-augmentation framework where agents self-curate,
evaluate, and manage memory entries. By learning when to write, update, or
prune memories, MemInsight demonstrated that adaptive memory policies can
substantially improve multi-step tasks.

From a complementary angle, Pink et al. [11] argued that episodic mem-
ory is essential for long-term LLM agents. They emphasized that agents need
temporally organized, revisitable experiences to support planning and robust
adaptation. Similarly, Liu et al. introduced Echo [9], a temporal episodic memory
module to enable dynamic recall based on event timing and relevance, producing
more coherent long-horizon reasoning than standard context-based methods. We
understand these episodic-centric approaches as complementary to our proposal,
targeting the interaction between consolidated semantic knowledge and reflective
traces that are themselves anchored in specific feedback events.

Recent research on reflection has focused on improving critique. Lippmann
et al. [8] introduced Sweet&Sour, which balances positive and negative feedback
using separate buffers. Li et al. [6] and Zhang et al. [19] enhanced critique quality
through multi-stage synthesis and CoT-based aggregation. Hadj Mohamed et
al. [3] presented an externalized reflection memory framework where an LLM
generates structured feedback to improve SLM-based agent reasoning. However,
these methods address only current questions and lack a persistent semantic
memory to support critique.

To the best of our knowledge, no prior research has explored the active
role of semantic memory in shaping the reflection process, nor has it examined
how the outcomes of reflection can enhance and refine semantic memory. Our
proposed architecture addresses this gap through a bidirectional interaction:
semantic memory provides a foundation for reflection, facilitating deeper and
more transferable critiques, while reflection consistently curates and updates
semantic memory by enriching associated metadata.

3 A Unified Reflective-Semantic Memory Architecture

This section presents our proposal for integrating reflective and semantic memory
within LLM-based agents to support lifelong learning and improve reasoning
quality, adaptability, and behavioral consistency.
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3.1 Architecture and Approach Overview

Figure 1 presents our unified memory architecture, tightly integrating the semantic
and reflection memory components into the LLM agent’s architecture. Our
solution combines memory systems, enabling the LLM-based agent to access
both its semantic knowledge and relevant reflections to generate more effective
responses to future user prompts.
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Fig. 1. Our unified memory architecture establishes a bidirectional interaction between
reflection and semantic memories. These two memory components are constitutive parts
of the LLM-based agent; the LLM Agent block denotes its core reasoning module.

The reflection memory is a mechanism that enables an LLM-based agent to
evaluate its previous outputs and refine its future responses [14]. During that
process, the agent identifies weaknesses in its reasoning, questions its assumptions,
and improves its decision-making. More precisely, the mechanism prompts the
agent to self-critique its past outputs based on environmental feedback [14]. The
generated self-critique is stored for reuse in similar future tasks. Our reflection
memory items take the form of textual annotations, explanations of reasoning
flaws, or recommended strategies for approaching similar future tasks, also known
as verbal reinforcement learning [14]. When retrieved for a new user prompt,
such reflections help improve the agent’s reasoning consistency and reduce the
risk of error loops (the agent repeating the same errors).

The semantic memory stores distilled, structured knowledge extracted from
prior experiences, such as conceptual summaries, inferred rules, recurring error
patterns, and high-level strategies developed by the LLM-based agent for task
completion.

We leverage the agent’s reflective memory mechanism to support the ongoing
consolidation and curation of semantic knowledge. The agent’s reflective memory
acts as a continuous engine for consolidating and curating its own semantic
knowledge. In our architecture, the retention or forgetting of information in
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semantic memory is modeled by a multidimensional system inspired by human
cognition. Just as a student reviewing content after a class, not only strengthening
his/her memory, but also judging its usefulness for an exam. Our approach
periodically evaluates each semantic memory fragment (chunk) by combining
its relevance, temporal persistence, and empirical value during the reflection
process. Subsection 3.2 presents the details of our solution, leveraging reflection
to consolidate semantic knowledge.

Although effective in many situations, the reflection mechanism is usually
isolated ([7], [8], [12]). When evaluated in isolation, LLM-based agents tend to
focus on only the reasoning path that led to the incorrect output. As a result, the
reflections can be too specific and tied to the immediate situation rather than
applicable to other similar cases. Consequently, the absence of knowledge from
semantic memory can lead to occasional repetitions of error patterns in reflection
and to the failure to identify recurring reasoning mistakes.

These limitations motivate the need for an enriched reflective mechanism that
leverages the knowledge accumulated in the semantic memory. To this end, our
architecture incorporates relevant semantic memory during reflection, enabling
the agent to produce deeper and more effective self-critiques. Given a broader
knowledge context, the agent can more effectively evaluate its faulty reasoning,
identify its flaws, and extract insights that remain valuable in both immediate
and future-related situations. Subsection 3.3 presents how our solution explores
semantic memory to strengthen reflection.

3.2 Leveraging reflection to consolidate semantic knowledge

In our architecture, each stored semantic memory item is periodically assessed
through a reflective reasoning process that assigns a relevance score to determine
whether the content should be retained, prioritized, or selectively forgotten.

As illustrated in Figure 1, after generating a self-critique and storing it in the
reflection memory repository (MR) (Steps 3 and 4), the agent emits utility signals
associated with the retrieved semantic memory items. The Consolidation module
uses this feedback to refine and prune the semantic memory repository (MS)
(Step 5), updating multidimensional metrics that capture semantic relevance,
temporal stability, and practical utility. Formally, let t ∈ N denote the current
interaction cycle, in which the agent processes a query qt. The metric updates at
cycle t trigger two complementary processes: Dynamic Pruning (DP), responsible
for selective forgetting, and Self-Refinement (SR), which corrects or expands
stored knowledge.

Stability. The first metric used by the Consolidation mechanism is Stabil-
ity (Si(t)) (cf. Equation 1), which captures the temporal dynamics of memory.
To avoid repository saturation and the frequent reuse of privileged knowledge,
inactive items decay exponentially over time, reducing their retention proba-
bility unless reinforced through reuse. Our Stability formulation adapts the
two-component model of memory [17], in which retrievability decays exponen-
tially, R = exp(−t/S), and stability S increases with repeated retrieval. This
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model was empirically grounded in the classical forgetting curve of Ebbinghaus
[2] and is computed in our architecture as:

Si(t) = exp

(
− t− τi

si

)
(1)

In Equation 1, τi denotes the timestamp of the last retrieval of memory
item mi, and si = s0 + αni defines its intrinsic stability (s0 represents the
base stability, α the learning rate, and ni the cumulative number of activations).
Stability renders frequently accessed content structurally stable, allowing rarely
accessed information to degrade naturally over time.

Affectivity. The frequent use of information does not guarantee that it is
factually correct or beneficial for problem-solving. It may even reinforce repetitive
behaviors that are not necessarily useful in the current context [4]. In this sense,
we consider the quality and veracity of knowledge using the Affectivity metric
(Ai(t)) (cf. Equation 2), which serves as a reflective feedback loop to quantify the
historical utility of the memory item, adapting the verbal reinforcement learning
principle introduced by [14]. After generating a response, the agent’s reflection
module evaluates post-hoc whether the retrieved context led to assertive reasoning
or induced a hallucination. Based on this self-assessment, the agent updates the
value of Ai(t) for each memory item by applying a utility signal:

Ai(t+ 1) = Ai(t) + λi (2)

where λi(t) ∈ [−1, 1] denotes the contribution score for item mi at interaction
t. The reflection module computes λi(t) by inspecting the external feedback f
together with the reasoning trace and judging whether mi supported the correct
answer (λi(t) > 0), misled the agent (λi(t) < 0), or had no clear effect (λi(t) ≈ 0).
This experiential learning mechanism enables the agent to reinforce reliable
knowledge and downweight misleading or outdated information.

Relevancy. To ensure that the retrieved memory items are contextually
aligned with the current user input, we define Relevancy (Ri(t)) as the cosine
similarity between the embedding of the current query, e(qt), and the embedding
of the memory item, e(mi).

Our architecture combines the Stability, Affectivity, and Relevancy metrics to
retrieve the most appropriate context. Relevance acts as a multiplicative filter
that ensures contextual alignment, since memories unrelated to the current query
should not be retrieved, regardless of their Stability or Affectivity. The additive
term then balances structural persistence (Si) and empirical usefulness (Ai)
through the factor β. We define the final retrieval Score as:

Scorei(t) = Ri(t) ·
[
βSi(t) + (1− β)Ai(t)

]
(3)

Algorithm 1 defines the semantic memory retrieval procedure (Figure 1, Step
2) by exploring the defined metrics. Given a query qt, the agent computes its
embedding and calculates the metrics Ri(t), Si(t), and Ai(t) for each memory item
currently stored in the repository MS . The composite Score (line 7) determines
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the top-K most relevant memory items MK , which the agent integrates with
the query to form the context Ct. The agent then forwards this refined context
to subsequent reasoning steps.

Algorithm 1 Retrieval and Context Construction
Require: Query qt, Semantic memory repository MS , Final context size K
Ensure: Context Ct

1: Determine current cycle t
2: Calculate query embedding e(qt)
3: for each mi ∈MS do
4: Ri(t)← CosineSimilarity(e(qt), e(mi))
5: Si(t)← Stability(mi, t)
6: Ai(t)← Affectivity(mi)
7: Scorei(t)← Ri(t)

[
βSi(t) + (1− β)Ai(t)

]
8: end for
9: MK ← TopK(MS ,Scorei(t),K)

10: Ct ← {MK , qt}
11: return Ct

Once the agent uses the context Ct to reason and generate its final output
for the user’s query qt, the Consolidation module executes the process described
in Algorithm 2. Initially, for each active memory item mi ∈ MK , the module
updates the timestamp τi, the activation count ni, the stability parameter si,
and the metric Ai(t) based on the signal λi(t) (lines 2–5).

Algorithm 2 Consolidation and Forgetting
Require: Active memories MK , timestamp t, utilities λi(t)
Ensure: Updated semantic memory repositoryMS

1: for each mi ∈MK do
2: τi ← t ▷ Update recency of use
3: ni ← ni + 1 ▷ Increment activation count
4: si ← s0 + αni ▷ Strengthen stability through repetition
5: Ai(t+ 1)← Ai(t) + λi(t) ▷ Update Affectivity based on reflection
6: end for
7: ▷ Global evaluation for selective forgetting
8: for each mi in MS do
9: Si(t)← exp

(
− t−τi

si

)
▷ Recalculate decay

10: if Si(t) < θS and Ai(t) < θA then
11: remove mi ▷ Prune idle and useless information
12: end if
13: end for
14: return updated semantic memory repository MS
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Dynamic Pruning. The architecture performs a global sweep of MS to
recompute Si(t) based on elapsed time since last activation. The Consolidation
module then removes memory items whose Stability and Affectivity fall below
thresholds θS and θA (cf. line 10 in Algorithm 2), implementing Dynamic Pruning.
This joint criterion avoids discarding structurally stable or still-useful knowledge,
enabling selective forgetting.

Self-Refinement. Complementarily, the Affectivity metric drives Self-
Refinement. When a memory item exhibits persistently negative utility, the
reflection module revises its premise and stores a corrected version. Analysis
of the reasoning chain may also yield generalizable principles absent from the
repository. Both corrected items and newly derived knowledge are immediately
incorporated and subjected to the same scoring, update, and decay mechanisms.

3.3 Leveraging semantic memory to strengthen reflection

Algorithm 3 formalizes how semantic memory is integrated into the reflection loop.
The rationale is that reflection is not performed in isolation (i.e., it is not solely
driven by the language model). Instead, it is grounded in previously consolidated
knowledge from the semantic memory. This design transforms reflection from a
reactive critique into a knowledge-aware self-evaluation process.

Algorithm 3 Reflection with Semantic Memory Context
Require: User prompt qt, initial response r0, feedback f , semantic memory repository
MS , Final context size K

Ensure: Updated reflection memory repository MR

1: if f indicates positive, negative, or corrective signal then
2: for each mi ∈MS do ▷ Calculate similarity for each memory item
3: compute similarity σi ← sim(qt,mi)
4: end for
5: MK ← Top-K(mi | σi) ▷ Select most relevant items for reflection
6: pref ← Compose(qt, r0, f,MK) ▷ Construct reflection prompt with context
7: rref ← LLM(pref ) ▷ Generate structured reflection
8: MR ←MR ∪ {rref} ▷ Store reflection for future reuse
9: end if

10: return updated reflection memory repositoryMR

In Step 2 of the Figure 1, upon receiving positive, negative or corrective
feedback from the environment regarding its initial response r0, the LLM-based
agent retrieves the K most relevant semantic memory items MK , from semantic
memory repository MS , associated with the user prompt. This retrieval step
relies on semantic similarity between the current user prompt and the stored
memory items. Then, the retrieved semantic memory items are appended to the
reflection prompt and submitted to the LLM-based agent for processing.

Formally, in Algorithm 3, the reflection prompt pref is constructed by compos-
ing four elements: (i) the original user prompt qt; (ii) the agent’s initial response



Bridging Reflective and Semantic Memory 9

r0; (iii) the external feedback signal f ; and (iv) the retrieved Top-K semantic
context MK . By explicitly presenting both the reasoning outcome and the rel-
evant knowledge background, the LLM-based agent is encouraged to perform
structured self-evaluation. Instead of merely stating that an answer is incorrect,
the agent can identify why it is incorrect, which assumptions were flawed, which
retrieved memory items were misapplied, and how the reasoning strategy should
be adjusted.

Guided by this rich context, the LLM-based agent generates a reflection that
critiques its response while situating the critique within relevant prior knowledge
(Step 3 in Figure 1, and line 7 in Algorithm 3). This reflection includes error
identification, causal analysis of the mistake, and a corrective guideline or revised
reasoning strategy. In this sense, the reflection memory module functions as a
meta-cognitive layer, transforming feedback into actionable knowledge.

Once the agent generates a reflection, it stores it in the reflection memory
repository MR for future reuse (Step 4 in Figure 1, and line 8 in Algorithm 3).
These reflective memories are later retrieved in semantically similar situations,
enabling the agent to generalize beyond the original failure case. Over time, this
mechanism supports continual improvement without gradient updates, as the
agent accumulates structured self-critiques that guide future reasoning.

By grounding reflection in semantic memory, our solution ensures that self-
evaluation is both knowledge-aware and feedback-driven, thereby increasing the
quality, transferability, and long-term utility of the agent’s reflective memories.

4 Evaluation Methodology

This section presents the experimental methodology for evaluating our proposed
approach and the results we obtained.

4.1 Dataset and Language Models

We selected the ARC (AI2 Reasoning Challenge) dataset 1 as the benchmark for
our experiments. It consists of multiple-choice questions that require factual recall,
application of scientific knowledge, and logical inference. The “Challenge” contains
questions that are particularly difficult for current LLM models due to their
need for abstract reasoning, understanding causal relationships, and synthesizing
multiple pieces of information. The dataset was introduced by Clark et al. [1] as
a benchmark requiring reasoning beyond surface-level pattern matching. Small
and mid-sized language models continue to struggle with the Challenge split,
motivating their use in our evaluation. The code for all experiments is publicly
available.2

We chose Microsoft’s Phi-23 as the Small Language Model (SLM) within
the agent. It is a compact transformer-based model with 2.7 billion parameters,
1 Challenge ARC Dataset, https : //huggingface.co/datasets/allenai/ai2arc
2 https://github.com/RodrigoFlexa/Bridging-Reflective-and-Semantic/tree/main
3 https://huggingface.co/microsoft/phi-2
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designed to excel in reasoning and mathematical tasks despite its relatively small
size.

4.2 Experimental Procedures and Ablation Study Design

Table 1 summarizes the experimental settings and procedures to evaluate our
solution against the baseline approaches.

Table 1. Summary of Experimental Design

Component Description
Dataset ARC Challenge with official train/valid/test splits. Train: create

memories. Validation: update/prune. Test: retrieval only.
LLM Phi-2 (2.7B). Temperature set to 0.0 for deterministic question-

answering, and to 1.0 to explore all possibilities during reflection.
Baselines (1) No memory, (2) Semantic only, (3) Reflection only, (4) Seman-

tic+Reflection (concat).
Ablation Static semantic retrieval without refinement or memory creation.
Retrieval MiniLM embeddings + ChromaDB. Cosine top-K with K=3, τsim =

0.24. Metacognitive re-ranking (β = 0.7).
Metrics Accuracy, accuracy gain, error reduction, memory effect (use-

ful/harmful), memory size.

Following the official split of the ARC dataset, we use the train set to build
semantic and reflection memory items. Given an ARC question with answer
options, the agent answers it and generates semantic memory items. Those
items are a mixture of accurate and incorrect (or noisy) memories. Reflection
memories are generated based on the agent’s initial answer to the ARC question,
the feedback received (whether the answer selected is correct or not), and the
attached semantic memories. Those semantic items are also scored during the
reflection phase. The reflection process does not modify the content of semantic
items.

For the validation set, the objective is to refine and prune the semantic
memories. The agent answers the ARC question with relevant semantic items
from the train set, then self-reflects. The semantic items’ scores are also updated.
Finally, we discard semantic items below a certain threshold from memory.

We use the test set to evaluate the agent. The memories are kept frozen.
Table 2 defines eight configurations built upon the base language model to

evaluate the effectiveness of our proposed memory architecture. The Baseline
(No Memory) configuration serves as a reference condition, in which the model
relies solely on its parametric knowledge, enabling the measurement of accuracy
gains attributable to memory augmentation. We then assess three static memory
settings. In the Semantic configuration, the model is augmented with a static
semantic memory that provides factual context without reflective feedback.

In the Reflection configuration, the model receives only reflection-based con-
text without semantic items. Finally, the Concatenated configuration combines
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Table 2. Configurations evaluated in the ablation study.

Configuration Semantic
Context

Reflection
Context

Dynamic
Pruning

Self-
Refinement

Baseline (No Memory) – – – –
Semantic ✓ – – –
Reflection – ✓ – –
Concatenated ✓ ✓ – –
Semantic-DP ✓ – ✓ –
Semantic-DP++ ✓ – ✓ ✓
Concatenated-DP ✓ ✓ ✓ –
Concatenated-DP++ ✓ ✓ ✓ ✓

semantic and reflective contexts within a single prompt via simple concatenation
and without any interaction between the two memory components.

Semantic-DP incorporates a Dynamic Pruning Mechanism, enabling the
multidimensional scoring function (Equation 3) and the selective forgetting
procedure (Algorithm 2). Memory items are continuously evaluated via Stability
(Si(t)) and Affectivity (Ai(t)) and pruned when both drop below thresholds (θS ,
θA). Thresholds were tuned by grid search on the validation set over θS ∈ [0, 1]
and θA ∈ [−1, 1] (step 0.1), yielding θS = 0.1 and θA = −0.6 based on validation
accuracy.

Semantic-DP++ extends Semantic-DP by incorporating a Self-Refinement
Mechanism. In this configuration, the empirical utility signal (λi) derived from
the feedback loop not only penalizes low-quality memories but also triggers the
agent to revise and correct imprecise facts, progressively refining its knowledge
base over time.

Finally, we evaluate fully hybrid configurations. Concatenated-DP com-
bines dynamic semantic retrieval and pruning with static reflection context. The
Concatenated-DP++ extends this design by integrating scoring, pruning, se-
mantic refinement, and static reflection into a unified architecture, as shown in
our proposed architecture. In all dynamic configurations (DP and DP++), the re-
flection process continues to generate the utility signal λi from external feedback,
which drives Affectivity updates and Self-Refinement. The Reflection Context
column in Table 2 refers specifically to whether stored reflections are injected
into the agent’s response prompt, not to whether the reflection mechanism itself
is active.

4.3 Evaluation Metrics

We assess the effectiveness of the proposed approach by considering the following
metrics:

Accuracy score: We report standard multiple-choice accuracy as the main
effectiveness metric. It is defined as the percentage of questions for which the
correct answers were selected among the total number of questions.
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Memory quality (useful vs. harmful): We analyze the quality of semantic
memory. For that purpose, we use OpenAI’s GPT-5 mini as the LLM-as-a-Judge
to classify the semantic items into correct or harmful labels.

Memory size: We track the number of semantic memory items over time.
This allows us to evaluate our solution scalability and performance gains relative
to memory size, distinguishing improvements driven by effective memory.

5 Experimental Results

We report results across eight configurations evaluated along three dimensions:
(i) task accuracy (cf. Subsection 5.1), (ii) similarity between retrieved memory
and the input query (cf. Subsection 5.2), and (iii) semantic memory statistics (cf.
Subsection 5.3), including size and harmful content ratios.

5.1 Task Accuracy

In Table 3, starting from the baseline accuracy of 65.96%, the introduction of
static memory already (Semantic, Reflection, Concatenated) leads to clear gains,
reaching up to 70.99%. This indicates that even simple retrieval of past semantic
or reflective information helps the agent better interpret and respond to the user
prompt. These improvements suggest that relevant prior context is an important
factor and that the model can effectively leverage stored information when it is
made available.

Table 3. Accuracy across all experimental configurations. Results reported as percent-
ages on validation and test sets. Bold indicates best effectiveness per dataset split.

Configuration Valid. Acc. (%) Test Acc. (%)
Baseline (No Memory) 69.57 65.96
Reflection 70.23 68.86
Semantic 70.90 69.28
Concatenated 72.91 70.99
Semantic-DP 73.58 70.05
Concatenated-DP 76.25 72.01

Semantic-DP++ 76.59 70.65
Concatenated-DP++ 78.26 73.12

When Dynamic Pruning (Semantic-DP and Concatenated-DP) is introduced,
effectiveness increases further to 72.01%. This step is particularly important
because it shows that the benefit is not only due to having more memory, but to
selecting the right pieces of memory. By filtering out less useful or noisy entries,
the agent can focus on higher-quality information, which leads to more accurate
outputs. This confirms that memory curation is a key part, and that controlling
the quality of retrieved content directly impacts the results.
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The best result is obtained with the full hybrid configuration, Concatenated-
DP++, which reaches 73.12% accuracy. This result demonstrates that combining
different types of memory contributes to an additional gain, indicating that
integrating these memory types together with stronger filtering leads to more
effective use of past experience. This corresponds to a 7.16 percentage point
gain over the No Memory baseline and a 3.84 percentage point gain over the
static Semantic configuration, which isolates the contribution of our bidirectional
memory architecture beyond the use of semantic retrieval alone.

5.2 Effects of dynamic semantic retrieval

Table 4 reveals an important and somewhat counterintuitive pattern: dynamic
configurations retrieve memories with lower average cosine similarity than static
retrieval, yet consistently achieve higher accuracy (Table 3). For instance, although
the Semantic configuration obtains the highest test similarity (0.5521), it is
outperformed by Semantic-DP and Concatenated-DP++, which retrieve memories
that are less similar in embedding space but more beneficial for the task. This
suggests that relying solely on semantic proximity is not sufficient to identify the
most useful memory items. Instead, the multidimensional scoring strategy favors
memories that are more informative, contextually appropriate, and aligned with
prior successful reasoning, even if they are not the closest in vector space.

In addition, dynamic retrieval substantially reduces exposure to harmful
knowledge. While static Semantic retrieval selects harmful items in 46.03% of
cases at test time, this rate decreases to 35.17% with Semantic-DP and to
32.55% in the Concatenated-DP++ configurations (cf. Table 5). This reduction
is significant because harmful or misleading memory entries can negatively affect
the agent’s reasoning and lead to incorrect outputs. The pruning and refinement
mechanisms therefore serve a dual role: they improve the overall quality of the
memory pool and actively reduce the likelihood of retrieving noisy information.

Taken together, these results show that the proposed retrieval strategy im-
proves not only the relevance of retrieved memories but also their reliability. By
favoring memory items that have demonstrated utility and filtering out those
associated with poor outcomes, the solution creates a more stable and effective
knowledge base. This helps explain the consistent improvements in accuracy and
supports the claim that dynamic, feedback-aware memory management is a key
factor in improving the effectiveness of LLM-based agents.

5.3 Effects of semantic memory size

Table 5 highlights the impact of dynamic memory management on the size and
quality of the semantic memory repository. Static configurations maintain a fixed
memory size (3, 286 semantic facts), whereas Semantic-DP actively reduces the
repository to 2, 512 entries, corresponding to a 23.5% reduction without any loss
in gain. This shows that a significant portion of the stored information (memory
items) is either redundant or of low utility, and can be safely removed without
harming the agent’s effectiveness. In practice, this leads to a more compact and
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efficient memory that is easier to search and less prone to retrieving irrelevant or
misleading entries.

Table 4. Average cosine similarity scores between retrieved memories and ARC questions
(the higher the value, the higher the similarity).

Configuration Valid. Similarity Test Similarity

Reflection 0.5072 0.5112
Semantic 0.5464 0.5521
Concatenated 0.5274 0.5333

Semantic-DP 0.4659 0.4772
Concatenated-DP 0.5281 0.5149

Semantic-DP++ 0.5101 0.5156
Concatenated-DP++ 0.5113 0.5175

The behavior of Semantic-DP++ further demonstrates the benefits of active
memory curation. In this configuration, the memory initially grows to 3, 993 entries
as the self-refinement mechanism rewrites imprecise or low-quality facts. After
this expansion phase, the memory stabilizes at 3, 504 entries before evaluation
on the test set. This pattern shows that the solution does not simply prune
or compress memory, but also improves its content by replacing weaker entries
with more precise and informative versions. The temporary growth reflects the
generation of alternative candidates, while the subsequent stabilization indicates
that only the most useful rewritten facts are retained.

Table 5. Semantic memory statistics. Size is the total number of stored facts. Harmful
(%) represents the proportion of incorrect semantic items. Retrieved Rate (%) denotes
the proportion of harmful semantic items retrieved during test-time.

Validation Phase Test Phase

Configuration Size Harmful (%) Size Harmful (%) Retrieved (%)

Semantic 3,286 47.47 3,286 47.47 46.03
Concatenated 3,286 47.47 3,286 47.47 45.88

Semantic-DP 3,286 47.47 2,512 43.51 35.17
Concatenated-DP 3,286 47.47 2,512 43.51 37.08

Semantic-DP++ 3,993 46.51 3,504 39.44 32.54
Concatenated-DP++ 3,993 46.51 3,559 39.48 32.55
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6 Discussion

Our experimental results demonstrated that structured interaction between
semantic and reflective memories improves both retrieval quality and downstream
reasoning. The results presented in Table 3 and Table 5 provided a consistent
picture of how dynamic semantic memory management enhances agent behavior.
Moving from static semantic augmentation to dynamic variants yields significant
accuracy gains, indicating that the benefit arises not only from adding memory,
but also from improving how that memory is selected, maintained, and updated
over time.

The semantic memory statistics help explain this effect. Static configurations
maintain a fixed memory size with a high proportion of harmful or low-utility
entries, suggesting that simple accumulation introduces noise and degrades
retrieval quality. In contrast, dynamic pruning reduces repository size. It lowers
the proportion of harmful items, demonstrating that selective forgetting enables
the agent to focus on more relevant and trustworthy knowledge without sacrificing
effectiveness. Self-refinement further strengthens this process by revising and
consolidating existing knowledge rather than merely removing it. Although
refinement temporarily increases memory size, the resulting repository contains
fewer harmful entries and more precise information, yielding a more stable and
reliable knowledge base.

The pruning and refinement mechanisms partially address issues of memory
drift and knowledge integrity by reducing harmful content and promoting more
consistent semantic representations over time. Similarly, integrating semantic
cues into the reflection process provides initial evidence of improved semantic–
reflective alignment, as reflections become more grounded in curated knowledge
rather than relying solely on local reasoning traces.

While these findings support the feasibility of bidirectional memory interaction,
they also highlight several unresolved challenges. A primary limitation concerns
the reliability and calibration of reflective judgments. The proposed architecture
assumes that the agent’s self-critique provides a useful signal for scoring and
refining memory; yet, it does not explicitly model uncertainty or detect unreliable
critiques. To partially investigate this limitation, we conducted an external
evaluation using GPT-5 as a fact verifier. The results show that the complete
architecture reduces the prevalence of incorrect semantic facts by 24% relative to
the static baseline, confirming its effectiveness in filtering erroneous knowledge.
However, the same process removes 14% of correct facts, indicating that overly
conservative pruning thresholds or misclassification by the utility signal λi can
discard valid knowledge. This exposes a fundamental trade-off in lifelong learning
systems: aggressive consolidation risks losing valuable but infrequently used
information, while lenient pruning allows noise to accumulate.

Additionally, although pruning and refinement help control memory growth,
we have only evaluated the current implementation at a moderate scale. To extend
this bidirectional architecture to long-horizon operation with very large memory,
we need to develop more efficient indexing, retrieval, and update strategies.
Another open issue involves task transfer and abstraction. Although refined
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reflections capture useful patterns, the system does not explicitly control the level
of abstraction for storing or reusing knowledge across tasks, which might limit
generalization. Moreover, our evaluation focused on aggregate accuracy metrics,
leaving room for a qualitative analysis of how each memory component influences
individual reasoning traces and the evolution of the agent’s behavior. In future
work, we plan to pursue this interpretability-focused analysis and make direct
comparisons with architectures such as RMM, SAGE, and MemInsight.

Overall, our proposed bidirectional memory architecture increases accuracy,
knowledge quality, and decreases noisy, harmful content, while mitigating the
risk of memory drift. Addressing the broader set of challenges outlined here will
allow us to design truly robust, scalable, and trustworthy lifelong learning agents.

7 Conclusion

Existing studies on LLM-based agent memory treat semantic and reflection
modules separately, leaving unclear how knowledge should meaningfully support
reflection. This article investigated how to bridge semantic and reflection memories
via a novel bidirectional memory architecture that integrates them, enabling
continual learning in LLM-based agents. The knowledge extracted from the
semantic module grounds the reflections, while the reflection memories curate,
update, and refine semantic memory items. Experimental results on the ARC
Challenge dataset showed that, although independent memory components yield
relative improvements over the baseline, simple concatenation of the different
memory types remains suboptimal. The structured interaction between memories
yielded the strongest gains, demonstrating that adaptive refinement, stabilization,
and pruning are essential for achieving more robust long-horizon reasoning in
LLM-based agents. Future work will focus on improving memory efficiency by
developing compression and consolidation strategies that preserve the stability
and usefulness of refined memories while limiting unbounded growth. Explicitly
integrating episodic memory into the bidirectional loop, beyond the episode-
anchored reflections already used, is a natural extension. In addition, extending
and further evaluating the proposed architecture to larger language models and
assessing it across a broader range of reasoning benchmarks will allow us to assess
scalability, robustness, and generalization. Together, these directions will help
characterize the conditions under which bidirectional memory interaction yields
the greatest benefits and the limits of dynamic memory refinement for lifelong
learning in LLM-based agents.
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