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Abstract

In order for large language models to achieve true conversational continuity and
benefit from experiential learning, they need memory. While research has focused
on the development of complex memory systems, it remains unclear which types
of memory are most effective for long-context conversational tasks. We present a
systematic evaluation of memory-augmented methods on long-context dialogues
annotated for question-answering tasks that require diverse reasoning strategies.
We analyse full-context prompting, semantic memory through retrieval-augmented
generation and agentic memory, episodic memory through in-context learning,
and procedural memory through prompt optimization. Our findings show that
memory-augmented approaches reduce token usage by over 90% while maintain-
ing competitive accuracy. Memory architecture complexity should scale with
model capability, with foundation models benefitting most from RAG, and stronger
instruction-tuned models gaining from episodic learning through reflections and
more complex agentic semantic memory. In particular, episodic memory can help
LLMs recognise the limits of their own knowledge.

1 Introduction

Memory is at the core of how humans think, learn, and make decisions. Similarly, for large language
model (LLM) based agents, memory is fundamental to carry out extended conversations, reason over
longer time frames, learn from experience, and act in a coherent way [8]]. LLMs often struggle to
maintain coherence and accuracy in long, multi-turn interactions and very extended contexts. They
also lack reliable mechanisms for metacognition, for instance they struggle with recognising the
limits of their own knowledge or "knowing what they don’t know" [4]].

These challenges gain more importance as context windows become larger, conversations can span
hundreds of turns, and learning from experience becomes essential in real-world applications. Simply
feeding models longer context is not always practical or efficient, as it increases inference cost and
does not address the need for models to also learn from past information. Techniques such as retrieval-
augmented generation (RAG) [7]] address context limitations and allow updating and controlling
data sources to improve the factuality of generated text. Additionally, recent advancements have
introduced mechanisms to augment LLMs with memory components, to enhance their ability of
retaining information over long contexts, and of learning from experience [16, [20].

In this paper, we examine different memory architectures, semantic, episodic (in-context learning
with reflections), and procedural (prompt optimization), within a unified evaluation framework. We
focus on long-context conversational QA, and reflect on how memory augmentation can support
learning from experience and improve the models’ ability to reason about their own knowledge. Our
findings show that memory-augmented approaches reduce token usage by over 90% while maintaining
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competitive accuracy. The complexity of the memory architecture should scale with the model’s
capabilities: foundation models benefit most from RAG, while more advanced instruction-tuned
models from episodic memory and richer semantic memory structures. Additionally, episodic memory
plays an important role in mitigating LLMs’ metacognitive limitations, helping them recognise the
limits of their knowledge. This comparison establishes baselines and identifies trade-offs between
performance, interpretability, and resource constraints that can inform memory system design.

2 Background

2.1 Memory for LLM agents

The need for a dedicated memory component in LLM-based agents seems fundamental to capture
the model’s internal reasoning, its task-specific context, historical dialogue, and evolving objectives
[8,119]. Similarly to human memory, memory modules for LLMs can be categorised into long and
short-term memory. Short-term memory — usually the immediate context window of the LLM — is
sufficient to deal with simple tasks, but long-term memory becomes essential in more complex and
realistic interaction scenarios [5]. Following the organization typically used for human memory, long-
term memory is organised into three different mechanisms: semantic memory stores general world
knowledge and facts, making it possible for the model to provide informed responses; procedural
memory encodes knowledge about how to perform the task at hand; episodic memory finally captures
specific past interactions or experiences, allowing the model to gather information that can inform its
future decision making [3l]. Early approaches to memory through appending conversation history to
the input prompt have evolved [8]], leading to the use of vector embeddings for retrieving memories
and selective incorporation of reasoning steps into subsequent inference calls [9]]. A growing body
of work has been investigating dedicated memory systems for LLMs, exploring memory storage
and management [22, [14]. Some systems maintain logs of each agent interaction [22], while others
employ read-write mechanisms that allow models to update memory content as needed [[12]. Recent
research has been exploring more dynamic and agent-driven approaches to memory. A-mem [[18]]
proposes a semantic memory system where each memory is structured with contextual tags and
dynamically linked to related memories. This enables the system to form an evolving network of
knowledge that supports updates over time and memory reorganization.

2.2 Retrieval Augmented Generation

Retrieval Augmented Generation (RAG) [7] can improve LLMs efficiency and traceability, providing
a way to capture and update knowledge in a modular and more interpretable way [2]. Retrieval-
augmented LMs can be more reliable, adaptable, and attributable thanks to the use of large-scale
datastores for knowledge-intensive tasks [1]. The standard RAG process involves chunking a set of
documents, embedding and indexing them in a vectorstore, and retrieving relevant chunks based on
semantic similarity with the query; this retrieved context can then be used to augment the LLM’s
prompt for generation. Recent research has made these systems agentic by introducing more autonomy
in determining what to retrieve and when, possibly having different retrievers available and refining
the search strategies based on intermediate results [[15]].

2.3 Learning through memory

A growing interest has developed in leveraging LLM-based agents’ experience to improve them
without relying on costly fine-tuning or parametric updates. Traditional reinforcement learning
approaches, while effective in many domains, often require extensive interaction data and prolonged
training times. In response to these limitations, several frameworks have been proposed that enable
language agents to learn through memory and linguistic feedback. One such approach is Reflexion
[L6], which allows agents to self-improve through natural language reflection stored in an episodic
memory buffer, rather than weight updates. Building on Reflexion, the Experiential Learning
(ExpeL) framework [20] proposes a memory-based strategy in which agents autonomously learn from
experience without gradient updates, highlighting their capacity for transfer learning and emergent
reasoning abilities.

Our approach to episodic memory, motivated by this literature, also makes use of textual feedback
signals and knowledge from past experiences, but it is built with conversational tasks in mind, and



to be modular and easy to evaluate in conjunction with different LLM memory components. These
developments point to a paradigm shift in how learning is implemented in LLM-based agents, moving
towards dynamic, introspective, and context-aware memory systems.

3 Methodologies

3.1 Dataset and evaluation

Our goal is to test different memory strategies on a task which models realistic long-context conversa-
tions, which is why we decided to use LoCoMo (Long-term Conversational Memory) [[L1]. LoCoMo
is a publicly available evaluation benchmark consisting of very long-context synthetic conversational
data. While synthetic data has limitations regarding real-world noise and ambiguous user intent, it
provides controlled evaluation conditions that allow us to isolate memory mechanism effects without
confounding variables from dialogue structure or inconsistent annotation quality. While previous
datasets contain dialogues with around 1,000 tokens, spanning over 4-5 sessions, LoCoMo consists of
ten conversations, spread across up to 35 chat sessions, each extending over 300 turns and averaging
9,000 tokens. The dataset is granularly annotated for question-answering requiring five distinct
reasoning types: single-hop, multi-hop, temporal, open-domain or world knowledge, and adversarial.
In particular, temporal reasoning questions require the model to use the date of conversations, while
adversarial questions do not have an answer in the given data, presenting both a challenge and possible
insights into the trustworthiness of the examined systems. Additionally, we validate our results on
QMSum [21]], a human-annotated benchmark for query-based multi-domain meeting summarization.
While the meetings are shorter and the queries do not require adversarial, temporal, or open-domain
reasoning, this data can show the nuance of real-world conversations in product-design, academic,
and parliamentary meetings.

For evaluation, we employ the F1 score to assess answer accuracy. As QA annotations are directly
taken from the conversations as much as possible [[1L1]], we instruct the models to answer with exact
words from the conversation. As a measure of relative performance, we report the average F1 ranking
across categories for each approach examined, and we use the average token length per query to
measure efficiency. Following Maharana et al. [[11]], for adversarial questions we set the evaluation
score to 1 if the generated answer contains 'no information available’ and to O otherwise. Unlike
previous research that used different prompts depending on the type of question [11} [18]], we prompt
the models in the same way regardless of the question type, making the task more realistic and
allowing better isolation of memory mechanism effects.

3.2 Memory for Question Answering

We compare several approaches to memory under the QA setting. Table [l| shows which types of
memory are implemented by each approach.

Table 1: Comparison of memory strategies. Each approach is categorised by memory types: short-
term working memory (via context window), long-term memory (semantic, procedural, episodic),
and whether it includes agentic control.
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Full Context Prompting As a strong upper bound, we evaluate a naive approach in which the
entire conversation history is appended to the prompt before the query. This allows the model full
access to all past turns, eliminating the need for memory management or retrieval.

RAG: Semantic Memory as Retrieval-Augmented Generation We implement RAG using a
top-k retrieval pipeline over the full conversation history. Our RAG component represents semantic
memory, as it stores the essential knowledge that grounds an agent’s responses. At inference time,
for each question, the model is provided with the top-k relevant utterances and their respective
timestamps, ranked by cosine similarity to the query using bge-m3 embeddings. We initially test
k = 5,10, 20 to examine the impact of context window size on performance (Appendix A), and run
all of our LoCoMo experiments with k£ = 10. The retrieved snippets are appended to the model
prompt before answer generation.

A-Mem: Agentic Semantic Memory We replicate the A-Mem architecture as introduced by Xu
et al. [18]], where the system maintains structured memory notes representing each utterance in the
conversational data. As the memory agent is presented with a new utterance for the same conversation,
it updates its memory with new entries and can make decisions about updating old ones and their
connections. For QA, top-10 semantic memory entries are retrieved and inserted into the prompt.
We follow the authors’ implementation and prompting strategy, excluding task-specific rewording
for adversarial and temporal questions. Both RAG and A-Mem implement semantic memory, but
with different levels of complexity. A-Mem supplements snippet embeddings with relevant keywords,
contextual tags, and arrays of related memories. While RAG retrieves based purely on semantic
similarity, A-Mem includes query expansion and provides the complete memory note context.
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Figure 1: Left figure: EpMem, episodic memory through in-context learning. The model
generates answers for a sample of questions and reflects on its performance using F1 scores and
labelled answers to produce natural language reflections. These previous examples and reflections
are stored in episodic memory and retrieved as in-context examples. Right figure: PromptOpt,
procedural memory through prompt optimization. The model answers a sample of questions
using an initial prompt and predictions are compared with labelled answers to compute F1 scores. A
classification and optimization step is then used to update the prompt, forming procedural memory.

PromptOpt: Procedural Memory Through Prompt Optimization Procedural memory encodes
how an agent should behave and respond. We start with the same prompts used for the base RAG
approach (Appendix B) that define the core agent behaviour and then evolve through feedback and
experience. In particular, after generating answers for all the questions related to the first conversation,
we record the model’s responses, the correct labels, and its performance, and iteratively prompt the
model with batches of 5 examples to use to refine its instructions, aiming to learn which approaches
work best for different situations (Figure[T). This optimization follows LangMem’s implementation
of procedural memory [6] and it is achieved by a classification step, where the model is prompted to
select which parts of its prompt caused errors, and an optimisation step where the model is prompted
to generate an updated version of those prompt parts. We use the optimized prompt for the next sets
of questions.

EpMem: Episodic Memory Through In-Context Learning Episodic memory preserves past
interactions as learning examples that guide future behaviour. We implement it by first generating
answers for all the questions related to the first conversation, noting the model’s responses and the
correct labels, and then prompting the model to reflect on each experience and generate a "reflection”



string. We store dictionaries containing question, prediction, label, and reflection and we retrieve the
top-3 most similar experiences to use as in-context examples whenever answering a new question
(Figure[T). The structure and content of the prompts used is found in Appendix B.

3.3 Implementation details

Appendix B details all the prompts we employed for our experiments. We deploy LLama 3.2-3B,
Qwen2.5-7B, and the respective instruction-tuned versions through huggingface, we access GPT-40
mini through the official OpenAl API. We report our main findings in Tables [2]and4] and the full
experimental results in Appendix |Cl We conduct all of our experiments on a 24 GB GPU machine for
5 runs, and report the mean and standard deviation. For the retrieval components, we employ k=10
for snippet and A-Mem memories selection with LoCoMo data and k=20 with QMSum. For episodic
memories we limit the number of examples to 3. We use bge-m3 text embeddings for our approaches
and the all-minilm-16-v2 model used by the authors for A-Mem. We report hyperparameter details in
Appendix A. The results on GPT-40 mini validate our findings on a widely-used commercial model.
Our focus on open weights smaller models, instead, serves an important practical purpose, as these
represent the scale most practitioners can deploy in resource-constrained environments.

4 Experiments and Results

In our empirical evaluation, we compare the effectiveness of various memory augmentation strategies
across multiple language models. The task spans five reasoning categories, with different challenges
and considerations for each of them: Single-Hop, Multi-Hop, Temporal, Open-Domain and Adversar-
ial. We evaluate the Full Context baseline against different combinations of memory mechanisms:
RAG, A-Mem, RAG+PomptOpt, RAG+EpMem, and RAG+PromptOpt+EpMem. In Table [2] we
report the mean and standard deviation for average F1 across categories and the average number of
tokens used per query as a proxy for efficiency. We calculate the average F1 ranking across categories,
ordering the approaches by their F1 scores, from highest to lowest within each model (rank 1 to the
highest F1 score, rank 2 to the next, and so on). As we use the first data sample (10% of the dataset)
to generate episodic and procedural memories, we report experimental results on the remaining 9
samples (1787 data points out of 1986). While in a real-world system these memories would be
generated along all conversations, fixing a "training" sample and using the rest for evaluation allows
us to capture a snapshot of model behaviour and learning.

Table 2: Performance comparison of memory augmentation approaches across instruction-
tuned language models and reasoning categories on LoCoMo. We report mean F1 scores +
SD, rankings and average number of tokens used per query for each approach across five reasoning
categories. Best results per model in bold.

Approach Category Average
Single-Hop  Multi-Hop Temporal Open Domain Adversarial F1 R. Tokens
Full Context 3245 £ 1.81 27.14 £0.89 12.62+1.19 39.44 +0.29 2592 +£1.28 1.00 23265.98
RAG 6.45+0.90 822+1.07 5.03£191 5.65+0.30 1430£256 4.50 658.11
s A-Mem 2.12+0.82 217+121 3.60+0.85 251 £0.86 6528 £8.25 4.00 2480.37
é RAG+PromptOpt 1025+ 0.56 9.65+£0.56 5.92+0.83 8.34+0.53 32.03+2.00 2.83 821.42
= RAG+EpMem 19.35+0.76 10.62 £0.83 4.81 £0.52 11.52+1.15 71.84 +3.06 1.83 1305.82
RAG+PromptOpt+EpMem 18.89 £ 1.61 14.84 £3.00 4.79+0.54 16.31+£3.20 70.12+1.55 2.83 1377.53
Full Context 1047 £0.53 3.18 £0.22 3.76 £0.35 810+ 0.15 77.53 £ 1.11 540 23376.87
RAG 21.12 £0.54 8.25+£023 4934+025 1393+0.58 9529 +£0.27 2.20 69574
g A-Mem 12.13+0.99 12.08 £2.88 6.23 £042 17.77 £3.37 81.07+9.06 2.20 3307.27
2 RAG+PromptOpt 7.87+0.13 205£0.16 4.41=+0.71 9.66 +0.39 71.98 £1.60 5.60 1024.88
© RAG+EpMem 18.02+0.53 648 £0.08 548+£029 9.82+028 9559+0.74 280 1452.88
RAG+PromptOpt+EpMem 19.14 = 1.78 7.06 £0.51 5.39+0.27 10.24 £0.27 93.93 £0.72 2.80 1453.28
Full Context 31.79 £0.14 19.87 £0.64 12.19£1.00 55.90+0.76 52.94 +1.73 3.40 23132.49
RAG 2998 +0.71 31.75+£1.47 11.59 £1.29 4941 +044 8428 +0.19 320 649.17
= A-Mem 2454 £0.41 25.65+046 8.06£093 37.39+044 64.93+0.54 4.80 3514.45
& RAG+PromptOpt 1555+0.29 13.17+£0.29 6.53£042 22.76+0.15 93.08+0.29 500 668.90
© RAG+EpMem 32.21 £ 0.46 40.73 £ 0. 67 12.20 £0.39  51.94 £0.67 77.64 £0.60 1.80 969.26
RAG+PromptOpt+EpMem 32.05 & 0.81 40.97 +0.74 11.28 £3.09 51.75+£0.31 76.61 £220 2.80 972.93




4.1 Overall Performance

The results in Table[2]show significant variance in performance across different memory augmentation
strategies. Retrieval and memory augmented generation approaches improve performance across
most models, with instruction-tuned variants benefitting the most (Table d)). In most cases memory
and retrieval-based approaches achieve competitive or superior F1 scores to the Full Context baseline,
while using significantly fewer tokens.

RAG outperforms other approaches at Multi-Hop reasoning, suggesting that direct retrieval of similar
utterances provides useful context for multi-step reasoning. Temporal-reasoning, adversarial and open-
domain knowledge questions were the most challenging settings, with differences in performance
based on the approach used. LLMs struggle to understand time concepts within dialogues, which is
consistent with findings on single-turn-based benchmarks and temporal grounding [13}[17]. While
this effect is somewhat less noticeable in GPT-40 mini, LLMs’ performance for open-domain QA
often degrades in memory-augmented settings.

The adversarial questions, approached with the same prompt used for all categories rather than being
rephrased as MCQs, show how the Full Context approach is prone to mistakes, while memory-
augmented methods provide more trustworthy answers but can over-generate "no information avail-
able" answers and degrade performance in other categories for less powerful models (6.48 4 0.08 F1
for multi-hop vs. 95.59 &+ 0.74 F1 for adversarial for Qwen with RAG+Ep Mem). The way adversarial
questions are designed in LoCoMo often references something that has high surface-level semantic
similarity with part of the conversation the question relates to (Figure[3]). For this reason, even in
retrieval-augmented and memory-augmented settings the models will still have some confounding
information in their context, making it particularly challenging to give the correct "No information
available" answer, unless the model has strong instruction-following capabilities (i.e. results from
GPT-40-mini).

We validate our findings on real-world conversations, and our results on the test split of QMSum
(Table |3) show that our methods transfer to other long-context conversational domains and to
real-world, noisy dialogue data. As the QMSum meetings are not as long-context as LoCoMo
conversations (on average the input tokens for the Full Context approach are 13k vs 23k tokens) and
do not contain adversarial and temporal questions, stronger models that can handle a long context
like GPT-40 mini achieve the best performance with the full context. Interestingly, we observe that
PromptOpt gains importance and boosts performance when adapting the prompts used for QA to a
query-based summarisation task. Episodic memory also strengthens performance: while all meetings
have different context, the queries about them follow the same annotation schema, so past experiences
can help the model answer correctly.

4.2 Baseline Performance

The Full Context performance is consistent with findings from Maharana et al. [11]], showing that
most long context LLMs can comprehend longer narratives but are prone to mistakes in Adversarial
questions and can struggle with Multi-Hop queries when presented with extremely long contexts.
This could be due to the "lost in the middle" effect, where models oversample from the beginning
and end of their context window [[10].

Table 3: Performance comparison of mem- Table 4: Average F1 rankings comparison.
ory augmentation approaches across instruct ~ Base vs instruction-tuned models (lower is bet-
models on QMSum test set. We report mean F1  ter)
scores. Best results per model in bold.

Llama Qwen

Approach
Approach Llama Qwen GPT Base Inst. Base Inst.
Full Context 10.71 21.96 27.70 Full Context 2.00 1.00 2.33 4.50
RAG 8.88 20.94  20.03 RAG 2.16 450 1.16 2.00
RAG+PromptOpt  20.45  23.32  21.78 A-Mem 3.33 4.00 3.16 2.00
RAG+EpMem 18.86 2399 24.16 RAG+PromptOpt 3.16 2.83 3.50 4.66
RAG+PromptOpt  19.19  23.97  23.89 EﬁngEPMemo 350 1.83 3.83 2.00
+EpMem +PTompIOPt 3 33 283 3.50 2.66

+EpMem




4.3 RAG vs. A-Mem

Both performing retrieval over embedded and indexed utterances and using A-Mem can serve as the
semantic memory or data source for long-context and knowledge-intensive QA. Importantly, RAG is
much more efficient and scalable than A-Mem, not just in terms of tokens used at inference time, but
also due to the nature of the information being stored. Each utterance is stored as a separate memory
in A-Mem, and this requires two LLM calls per utterance to process the memory and generate all the
required meta-data, in addition to embedding and indexing. Due to the requirement for consistent
structured output, A-Mem performs poorly on foundation models. RAG shows substantially better
performance across all foundation models. This gap narrows for instruction-tuned models, which
are able to take advantage of the full potential of A-Mem. While RAG still outperforms A-Mem in
GPT-40 mini, Llama 3B Instruct with A-Mem achieves an average F1 ranking of 4.0, compared to
4.5 for RAG.

4.4 TImpact of Episodic Memory

The integration of Episodic Memory through ICL with RAG shows promising results. Rag+EpMem
outperforms RAG on GPT-40 mini and Llama3.2 3B Instruct (respectively, 1.30 vs. 3.20 and 1.83
vs. 4.5 F1 ranking ), while it achieves better results than all other approaches but slightly worse
than RAG on Qwen2.5 7B Instruct. This suggests that incorporating episodic memories containing
examples of model performance and reflections can provide valuable guidance for answering similar
questions. Improvements can be seen in the adversarial and temporal reasoning categories for Llama
and Qwen Instruct, and in multi-hop and temporal reasoning queries for GPT-40 mini. This suggests
that the reflections on failures that required a specific type of reasoning were useful for the model to
infer how to respond to new queries of the same category.

The review of the 199 episodic memories generated by GPT-4o0-mini highlights different types of
errors that the model identifies in its reflections. In 68 cases, the model correctly did not identify
any error. In Omission Errors, 47% of mistakes, the model failed to include relevant context or
information, but still gave a partially correct answer; for errors under Misinterpretation of Temporal
Context, 27% of errors identified, the model did not correctly reason about dates; these correspond
to almost all temporal questions in the sample. Assumption and Overgeneralisation errors, 11%
of the total, include incorrect assumptions and broad conclusions drawn without evidence, usually
about adversarial questions; in errors due to Lack of Specificity, the model did not provide detailed
and precise information, but typically still had a partially correct answer; errors due to Inclusion of
Extraneous Information included irrelevant details that might confuse the main point. We report an
example of reflection on temporal reasoning in Figure

| Question: When did Caroline go to the LGBTQ support group? | Context: Sept 5 2020, Speaker X: I'm learning the piano [...]

Context: Caroline: | went to a LGBTQ support group yesterday and it
was so powerful. Date of conversation: 1:56 pm on 8 May, 2023 [...]

Question: When did X start learning the violin?

Correct answer: 7 May 2023

Prediction: 1:56 pm on 8 May, 2023 Adversarial answer: Sept 5, 2020

Reflection: In this QA example, my predicted answer was incorrect because

| mistakenly provided the date of the conversation rather than the date Correct answer: No information available
Caroline attended the LGBTQ support group. The correct answer,

derived from the context, is 7 May 2023, as Caroline mentioned she went to

the group "yesterday" relative to the conversation on 8 May.

The question did require temporal reasoning, and | failed to apply it correctly

by confusing the conversation date with the event date.

In future cases, | should ensure to carefully analyze the temporal cues

provided in the context and differentiate between the dates of conversation

and the events being discussed. This will help avoid similar reasoning errors.

Figure 2: Example of episodic memory gen- Figure 3: Example of adversarial question
erated by GPT-40 mini

4.5 Impact of Procedural Memory
The addition of procedural memory to RAG and episodic memory shows negative results in the

LoCoMo QA setting. This outcome can be interpreted as reflecting a mismatch between the nature
of the task and our current implementation of procedural memory. Procedural memory is intended



to encode strategies and behaviours and is likely to become more effective for tasks requiring
planning steps, multi-step reasoning, or tool usage rather than QA over conversations. On the other
hand, on QMSum, RAG+PromptOpt achieves notable improvements for Llama (20.45 vs. 8.88 for
baseline RAG), Qwen (23.32 vs. 20.94), and GPT (21.78 vs. 20.03), demonstrating that optimization
techniques can benefit transfer learning: our initial prompt asks for concise answers, while the
QMSum target summaries tend to be more detailed and lengthy, so models optimize their prompts
from experience to allow that.

Our qualitative analysis of the prompts generated for LoCoMo reveals that newly generated prompts
often focus too closely on specific examples instead of generalizing behavioural patterns and tend to
repeat instructions (Appendix [B.6.5). This approach appears to suffer from overfitting to the training
examples, creating prompts that are too narrow for the diverse reasoning required in our evaluation
set. This suggests that the optimization procedure captured surface-level corrections (e.g., succeeding
in adversarial questions) rather than abstracting broader strategies applicable across contexts.

4.6 Token Efficiency

A key advantage of memory and retrieval augmentation approaches lies in their substantial reduction
in token usage. Full Context approaches consistently require between 23000 and 26000 tokens per
query, RAG approaches with top-10 utterances and episodic or procedural memory use between 600
and 1500 tokens, A-Mem uses between 2300 and 3300 tokens per query — not including the ones
needed to populate the memory. This represents a reduction of token consumption of more than
90% for RAG-based methods, with minimal or no degradation in overall performance. In particular,
RAG+EpMem seems to offer the best balance of performance and efficiency for low-resource
environments.

5 Conclusions and future work

This work provides an evaluation of memory augmentation strategies for long-context and knowledge-
intensive tasks. We compare simple and complex implementations of semantic memory, and minimal
implementations of episodic and procedural memory across multiple LLMs. By studying semantic,
episodic, and procedural memory under a unified framework, we identify distinct trade-offs between
performance, efficiency, and interpretability. Our findings confirm that while full-context prompting
serves as a strong baseline, this approach suffers from inefficiency, poor scalability, limited inter-
pretability, and vulnerability to context-length issues that can degrade performance. Most foundation
and instruction-tuned models can benefit from simple RAG approaches, but instruction-tuned models
can make use of their improved instruction-following and reasoning capabilities and also show strong
performance with more complex approaches to semantic memory like A-Mem and episodic memory
integration. In particular, GPT-40 mini shows the best results with RAG+EpMem, highlighting the
potential of experiential learning with textual feedback.

For knowledge-intensive and long-context tasks, semantic memory is essential, but the best implemen-
tation should be determined based on use cases, scalability requirements, efficiency constraints, and
data structure. Our findings show that, for less powerful models, complex approaches like A-Mem do
not work at the best of their potential. Additionally, though more efficient than full-context prompting
at inference time, A-Mem is more resource-intensive than RAG to construct, it remains effective for
stable data that can benefit from clustering, but would become inefficient when memory requires
frequent updates. Procedural memory, in this implementation, appears less suited to QA tasks but
may prove valuable for planning or tool-use scenarios. Additionally, the results on QMSum show
that it can help with transfer learning. In alignment with previous findings [16} 20], episodic memory
seems particularly valuable in enabling models to learn from both positive and negative experiences
for complex QA tasks such as the adversarial one.

Taken together, our results show the impact of different types of memory-augmentation for knowledge-
intensive tasks in smaller-scale LLMs. At the same time, they highlight directions for future research:
extending evaluation to multi-turn coherence and developing selective, adaptive, metacognitively
informed memory mechanisms. Future works should investigate agentic approaches to selecting
experience examples, removing the need for fixed update schedules, and how the selection of positive
or negative examples for episodic and procedural memory affects overall results. Comparing such non-



parametric, memory-based adaptation with reinforcement learning methods may further illuminate
how LLMs can learn not just from data, but from their own experiences.

Limitations

Our study has several limitations that open up directions for future research. Firstly, we don’t study
multi-turn QA directly, but it’s worth noting that the dataset includes several question categories that
test similar skills: multi-hop questions require connecting information across multiple conversation
turns; temporal questions require understanding the chronological flow of conversations; adversarial
questions test whether systems can distinguish between information that exists versus doesn’t exist in
the conversation history. Additionally, our experiments focus on small open-weight models (<7B
parameters) and on an efficient commercial reasoning model (GPT-40 mini). This choice reflects
realistic deployment constraints and enables reproducibility, and the results on GPT-40 mini validate
our assumptions. Nonetheless, much larger models may exhibit different memory behaviours. Finally,
our implementations of episodic and procedural memory approaches are deliberately minimal, to
isolate their effects, and we store memories only from the first sample out of 10 in the dataset.
This artificial constraint limits both the benefits and complexities of a system where memories
accumulate over time and throughout conversations. Our study did not address long-term memory
management issues such as mechanisms for forgetting, updating, or consolidating memories and
handling contradictions. These limitations suggest directions for future research to develop more
robust, efficient, and reliable memory-augmented conversational systems.
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A Hyperparameter Settings

For all answer-generation LLM calls and A-Mem we set the temperature to 0.5, to balance model
creativity and accuracy. An higher temperature of 0.7 is used for reflection and optimized prompt
generation steps, while lower (0.4) temperature is used for the prompt classification step, as the model
should stick to generating a list of prompt names from the given one.

For the LoCoMo dataset, for RAG we decided to retrieve the top-10 most relevant utterances to both
provide the model with enough relevant information and keep the context short, without introducing
noise through the retrieval of less relevant utterances. For QMSum, we set £ = 20 due to the wider
context summarisation queries required. Table [5|shows the results with & set to 5, 10, and 20 for
Llama 3.2 3B. K also aligns with the number of memory notes being retrieved by A-Mem.
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Table 5: Performance comparison of RAG with different top — k on LoCoMo. F1 scores, rankings
and tokens per query across five categories: Single-Hop (S-Hop), Multi-Hop (M-Hop), Temporal
(Temp.), Open-Domain (Open), and Adversarial (Adv.). Results from Llama 3.2 3B, best in bold.

Top-k Category Average
S-Hop M-Hop Temp. Open Adv. F1Rank Tokens

5 1345 1113 736 13.03 4.48 1.6 384.90
10 11.99 10.64 728 13.85 291 22 658.11
20 14.74 8.64  7.53 1278 2.47 2.2 1196.08

B Prompts Used

B.1 Full Context and LoCoMo Summaries

Based on the given conversations, write a short answer for the following question in
— a few words. Do not write complete and lengthy sentences. Answer with exact
— words from the conversations whenever possible.

Below is a conversation between two people: {name of speaker 1} and {name of speaker
— 2}. The conversation takes place over multiple days and the date of each
— conversation is written at the beginning of the conversation.

{full conversation transcript or session summaries}

If the answer to the question requires you to do temporal reasoning, use DATE of
— CONVERSATION to answer with an approximate date. If the question cannot be
< answered, write 'No information available.

Question: {question} Answer:

B.2 RAG

Based on the given conversations, write a short answer for the following question in
— a few words. Do not write complete and lengthy sentences. Answer with exact
« words from the conversations whenever possible.

Below are retrieved snippets from a conversation between two people: {name of
— speaker 1} and {name of speaker 2}.

{top-10 retrieved conversations snippets in the format
"speaker: utterance, date of conversation: day month year"}

If the answer to the question requires you to do temporal reasoning, use DATE of
< CONVERSATION to answer with an approximate date. If the question cannot be
— answered, write 'No information available.

Question: {question} Answer:

B.3 A-Mem

Based on the context: {top-10 retrieved memories containing talk start time, speaker
and utterance, memory context, memory keywords, memory tags}, write an answer in
the form of a short phrase for the following question. Answer with exact words
from the context whenever possible. If the answer to the question requires you
to do temporal reasoning, use DATE of CONVERSATION to answer with an approximate
date. If the question cannot be answered, write 'No information available'.

R A

Question: {question} Short answer:

B.4 EpMem: Episodic Memory
B.4.1 Reflection Step

Reflect on your performance in the following QA example. Focus specifically on:
- Whether your answer was correct or not, and why.
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- If the question required temporal reasoning, how well you handled it.

- If the question had no answer in the context, whether you correctly identified
— that.

- What reasoning errors (if any) occurred, and how to avoid them in future similar
— cases.

Provide a short reflection in a few sentences.

Question: {question}

Context: {top-10 retrieved utterances}
Correct Answer: {label}

Predicted Answer: {prediction}
Reflection:

B.4.2 QA Step

You are an AI assistant that answers questions based on a given conversation. Use
— the current context and optionally refer to past examples and reflections to
— help you reason, but focus on the current question.

Based on the given conversation snippets, write a short answer for the following
— question in a few words. Do not write complete and lengthy sentences. Answer
— with exact words from the conversations whenever possible. Use the following
— examples to answer correctly.

Examples: {top-3 most similar episodic memories with reflections}

Below are retrieved snippets from a conversation between two people.
{top-10 retrieved utterances}

Question: {query}

Now, answer the current question using the conversation context above. Refer to the
past examples and reflections only if they help clarify your reasoning. If the
answer to the question requires you to do temporal reasoning, use DATE of
CONVERSATION to answer with an approximate date. If the question cannot be
answered, write 'No information available'. Answer:

FLre

B.5 Examples of Reflection

"question": "Who supports Caroline when she has a negative experience?",

"context": {top-10 retrieved utterances},

"answer": "Her mentors, family, and friends"

"prediction": " Melanie, friends, others. Note: The answer should be a few words as

— requested.",
"f1_score": 0.333,
"reflection": " I incorrectly identified Melanie as the primary support person for

— Caroline. While Melanie does offer support, the context of the conversations

— reveals that Caroline's support system is diverse and includes her mentors,

« family, and friends. I struggled with temporal reasoning in this case, as the
— question requires me to analyze the conversations across different dates to

< 1identify patterns and relationships. In future, I will be more careful to

— consider the broader context and not rely solely on individual conversations.
< Also, I should have noticed that the question was asking about a specific

< scenario (negative experience) rather than general support. This would have led
— me to focus on conversations that mention Caroline's negative experiences, such
— as her tough breakup and the challenges she faced."

"question": "Would Caroline likely have Dr. Seuss books on her bookshelf?"
"context": "Caroline: I've got lots of kids' books - classics, stories from

— different cultures, educational books, all of that. What's a favorite book you
— remember from your childhood?"...{other retrieved snippets}

"answer": "Yes, since she collects classic children's books",

"prediction": "No information available.",

"f1_score": O,
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"reflection": "In this case, I didn't correctly identify that Caroline's love of

— reading and collecting classic children's books would imply that she would

— likely have Dr. Seuss books on her bookshelf. I should have used the context of
— their conversation to infer this, rather than relying on my initial instinct. I
— will make sure to pay closer attention to the conversation flow and use the

— context to guide my answers in the future."

B.6 PromptOpt: Procedural Memory

B.6.1 Original Prompts to Optimize

{ "na.ule": lltaskll ,
"prompt": "Based on the above conversations, write a short answer for the
— following question in a few words. Do not write complete and lengthy
— sentences. Answer with exact words from the conversations whenever
< possible.",
},
{
"name": "intro",
"prompt": "Below are retrieved snippets from a conversation between two people.
SN \nll s
},
{
"name": "rules",
"prompt": "If the answer to the question requires you to do temporal reasoning,
— use DATE of CONVERSATION to answer with an approximate date. If the question
< cannot be answered, write 'No information available'.",
}

B.6.2 Classification Step

You always return JSON output. Analyze the following trajectories and decide which
— prompts ought to be updated to improve the performance on future trajectories:

{batch of 5 LLM trajectories, containing query, predicted answer, correct answer,
< and F1}

Below are the prompts being optimized: {dictionary containing name of prompt: prompt
— content}

Return one JSON dictionary in the format {"which": [...]}, listing the names of

— prompts that need updates. The names must be in {prompt_names}. Do not return
— any explanations or reasoning.

B.6.3 Optimization Step

You are helping an AI assistant learn by optimizing its prompt. You always return
— JSON output.

## Background

Below is the current prompt: {prompt}

## Instructions

The developer provided these instructions regarding when/how to update:

<update_instructions>Do not make the prompts specific about any particular people or
— events mentioned in any question or conversation.<update_instructions>

## Session Data
Analyze the session(s) (and any user feedback) below:
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<trajectories>{batch of 5 LLM trajectories, containing query, predicted answer,
< correct answer, and Fl}<trajectories>

## Instructions

1. Reflect on the agent's performance on the given session(s) and identify any real
failure modes (e.g., style mismatch, unclear or incomplete instructions, flawed
reasoning, etc.).

Recommend the minimal changes necessary to address any real failures. If the
prompt performs perfectly, simply respond rewriting the original prompt without
making any changes.

DO NOT use any tags like <current_prompt>, <current_prompt> or <trajectories> in
your response.

4. Be brief and concise. Avoid unnecessary verbosity.

IFF changes are warranted, focus on actionable edits. Be concrete. Edits should be
— appropriate for the identified failure modes. For example, consider clarifying
— the style or decision boundaries, or adding or modifying explicit instructions
— for conditionals, rules, or logic fixes; or provide step-by-step reasoning
— guidelines for multi-step logic problems if the model is failing to reason
— appropriately.

ONLY return JSON in the following format: {"reasoning": "<reasoning>",

— "updated_prompt": "<updated_prompt>"}.

P¥rINry

B.6.4 QA Step
{(optimized) task prompt}

{(optimized) intro prompt}
{top-10 retrieved utterances}

{(optimized) rules prompt}
Question: {queryl} Answer:

B.6.5 Example of Optimized Prompts
The following prompt is the result obtained after optimization with Qwen2.5 7B Instruct:

Based on the above conversations, write a short answer for the following question in
a few words. Use exact words from the conversations whenever possible. If no
exact words are available, provide a concise summary using only the information
from the conversations, but avoid adding extra details or interpretatioms.
Always confirm with 'No information available' if the required information is
not present in the conversations. Only use 'No information available' when no
relevant information is present.

rereid

Below are retrieved snippets from a conversation between two people.
{top-10 retrieved utterances}

Provide direct answers based on the given information only. If the answer can be

< extracted verbatim, do so. If no information is available, write 'No information
< available'. Avoid adding extra context, personal speculations, or any

— assumptions and ensure the answer is accurate. Always refer back to the provided
« snippets for answers. Only provide 'No information available' unless explicitly
— asked to infer or provide additional context.

Question: {query} Answer:
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C Full Results Table

Table 6: Performance comparison of memory augmentation approaches across various language models
and reasoning categories. We report average F1 scores, rankings and average number of tokens used per
query.
Model Approach Category Average
Single-Hop Multi-Hop Temp. OpenDom. Adv. F1 Rank. Tokens

Full Context 30.07 2596 11.39 39.36  26.90 1.00 2326598

RAG 5.96 8.73 4.29 5.18 17.26 4.50 658.11

A-Mem 3.55 431 5.12 4.04  50.56 4.00  2480.37

Llama 3B Inst RAG+PromptOpt 10.51 10.16 6.88 8.31 33.08 2.83 821.42
o RAG+EpMem 19.96 11.80 5.59 1333 67.71 1.83  1305.82
RAG+PromptOpt+EpMem 17.40 9.78 3.85 10.78  72.18 283 1377.53

Full Context 10.61 3.39 3.72 824 78.02 450 23376.87

RAG 21.72 8.05 4.89 14.51 94.84 2.00 695.74

A-Mem 12.73 8.67 6.28 13.86 90.53 2.00 3307.27

Qwen 7B Inst RAG+PromptOpt 7.99 1.97 4.00 9.11 73.18 4.66  1024.88
o RAG+EpMem 17.51 6.59 5.35 1021  95.24 2.00 1452.88
RAG+PromptOpt+EpMem 17.64 6.35 5.33 9.96 94.48 2,66  1453.28

Full Context 31.68 2040  12.04 56.40 52.13 2,66 2313249

RAG 29.98 30.06 10.13 49.47 84.46 2.66 649.17

A-Mem 24.83 26.02 7.61 37.48 64.79 3.83 351445

GPT-40 mini RAG+PromptOpt 15.58 13.22 5.96 2298 9298 4.00 668.90
RAG+EpMem 31.77 40.39 12.51 51.78  77.69 1.66 969.26
RAG+PromptOpt+EpMem 30.79 41.44 5.86 51.71 80.53 2.66 972.93

Full Context 14.72 9.78 7.57 1474  0.67 2.00 2326598

RAG 11.99 10.64 7.28 13.85 2091 2.16 658.11

A-Mem 5.49 4.11 8.44 6.51 11.36 333 2309.74

Llama 3B RAG+PromptOpt 1147 5.83 6.53 9.74  6.26 3.16 657.42
RAG+EpMem 9.15 7.21 4.57 7.57 10.27 3.50  1243.96
RAG+PromptOpt+EpMem 9.72 7.77 4.44 7.64 874 333 123217

Full Context 16.96 12.32 8.17 2843 517 233 23376.87

RAG 21.50 23.14 9.48 31.32 44.84 1.16 695.74

A-Mem 10.93 9.30 5.90 1433 66.14 3.16  2460.99

Qwen 7B RAG+PromptOpt 12.30 8.29 7.36 1298  7.02 3.50 886.8
RAG+EpMem 15.85 7.32 5.93 1272 4436 3.83  1304.66
RAG+PromptOpt+EpMem 15.46 7.42 6.03 12.53  47.61 3.50 1402.7
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NeurIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction state the paper’s contributions and scope, and these are
reflected by the experiments and conclusion

Guidelines:

» The answer NA means that the abstract and introduction do not include the claims made in the
paper.

 The abstract and/or introduction should clearly state the claims made, including the contributions
made in the paper and important assumptions and limitations. A No or NA answer to this
question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how much the
results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals are not
attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We include paper limitations as our final section
Guidelines:
* The answer NA means that the paper has no limitation while the answer No means that the
paper has limitations, but those are not discussed in the paper.
* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to violations of
these assumptions (e.g., independence assumptions, noiseless settings, model well-specification,
asymptotic approximations only holding locally). The authors should reflect on how these
assumptions might be violated in practice and what the implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was only tested
on a few datasets or with a few runs. In general, empirical results often depend on implicit
assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach. For
example, a facial recognition algorithm may perform poorly when image resolution is low or
images are taken in low lighting. Or a speech-to-text system might not be used reliably to
provide closed captions for online lectures because it fails to handle technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms and how
they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to address
problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by reviewers
as grounds for rejection, a worse outcome might be that reviewers discover limitations that
aren’t acknowledged in the paper. The authors should use their best judgment and recognize
that individual actions in favor of transparency play an important role in developing norms
that preserve the integrity of the community. Reviewers will be specifically instructed to not
penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and a
complete (and correct) proof?

Answer: [NA]
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Justification: The paper is empirical and does not include theoretical results.
Guidelines:

» The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-referenced.

» All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if they appear
in the supplemental material, the authors are encouraged to provide a short proof sketch to
provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented by
formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main experimen-
tal results of the paper to the extent that it affects the main claims and/or conclusions of the paper
(regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We include Implementation details in the main body and details on hyperparameters
and prompts used in the appendix. The data is publicly available, while code will be released as
soon as possible.

Guidelines:

* The answer NA means that the paper does not include experiments.

« If the paper includes experiments, a No answer to this question will not be perceived well by

the reviewers: Making the paper reproducible is important, regardless of whether the code and

data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken to

make their results reproducible or verifiable.

* Depending on the contribution, reproducibility can be accomplished in various ways. For
example, if the contribution is a novel architecture, describing the architecture fully might
suffice, or if the contribution is a specific model and empirical evaluation, it may be necessary
to either make it possible for others to replicate the model with the same dataset, or provide
access to the model. In general. releasing code and data is often one good way to accomplish
this, but reproducibility can also be provided via detailed instructions for how to replicate the
results, access to a hosted model (e.g., in the case of a large language model), releasing of a
model checkpoint, or other means that are appropriate to the research performed.

* While NeurIPS does not require releasing code, the conference does require all submissions to
provide some reasonable avenue for reproducibility, which may depend on the nature of the
contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how to

reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe the
architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should either
be a way to access this model for reproducing the results or a way to reproduce the model
(e.g., with an open-source dataset or instructions for how to construct the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case authors are
welcome to describe the particular way they provide for reproducibility. In the case of
closed-source models, it may be that access to the model is limited in some way (e.g.,
to registered users), but it should be possible for other researchers to have some path to
reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instructions to
faithfully reproduce the main experimental results, as described in supplemental material?

17



Answer: [Yes]

Justification: The LoCoMo data is publicly available, and we provide implementation details,
prompts used, and hyperparameter settings. Experimental code will be released as soon as possible.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/public/
guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be possible,
so “No” is an acceptable answer. Papers cannot be rejected simply for not including code,
unless this is central to the contribution (e.g., for a new open-source benchmark).

* The instructions should contain the exact command and environment needed to run to repro-
duce the results. See the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how to access
the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new proposed
method and baselines. If only a subset of experiments are reproducible, they should state which
ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized versions (if
applicable).
 Providing as much information as possible in supplemental material (appended to the paper) is
recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperparameters,
how they were chosen, type of optimizer, etc.) necessary to understand the results?

Answer: [Yes]

Justification: We specify data split and hyperparameter settings. A systematic Hyperparameter
search was not conducted, but we include results with different values for k for RAG in the appendix.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail that is
necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:
Justification: We ran experiments 5 times and report the mean + Standard Deviation.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the main
claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for example,
train/test split, initialization, random drawing of some parameter, or overall run with given
experimental conditions).

» The method for calculating the error bars should be explained (closed form formula, call to a
library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

18


https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy

8.

10.

¢ It should be clear whether the error bar is the standard deviation or the standard error of the
mean.

* Itis OK to report 1-sigma error bars, but one should state it. The authors should preferably
report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of Normality of
errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or figures
symmetric error bars that would yield results that are out of range (e.g. negative error rates).

e If error bars are reported in tables or plots, The authors should explain in the text how they
were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the computer re-
sources (type of compute workers, memory, time of execution) needed to reproduce the experiments?

Answer: [Yes]

Justification: We include information on the computational resources we used for the experiments in
the Implementation details section.

Guidelines:

* The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster, or cloud
provider, including relevant memory and storage.

 The paper should provide the amount of compute required for each of the individual experimen-
tal runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute than the
experiments reported in the paper (e.g., preliminary or failed experiments that didn’t make it
into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the NeurIPS
Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: We reviewed the NeurIPS Code of Ethics and ensured we respecrted it in our work.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a deviation
from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consideration
due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative societal
impacts of the work performed?

Answer: [NA]

Justification: This work does not have any additional societal impact but carries the known impacts
of LLM usage and deployment.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal impact or
why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses (e.g.,
disinformation, generating fake profiles, surveillance), fairness considerations (e.g., deploy-
ment of technologies that could make decisions that unfairly impact specific groups), privacy
considerations, and security considerations.
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* The conference expects that many papers will be foundational research and not tied to par-
ticular applications, let alone deployments. However, if there is a direct path to any negative
applications, the authors should point it out. For example, it is legitimate to point out that
an improvement in the quality of generative models could be used to generate deepfakes for
disinformation. On the other hand, it is not needed to point out that a generic algorithm for
optimizing neural networks could enable people to train models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is being used
as intended and functioning correctly, harms that could arise when the technology is being used
as intended but gives incorrect results, and harms following from (intentional or unintentional)
misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation strate-
gies (e.g., gated release of models, providing defenses in addition to attacks, mechanisms for
monitoring misuse, mechanisms to monitor how a system learns from feedback over time,
improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible release of
data or models that have a high risk for misuse (e.g., pretrained language models, image generators,
or scraped datasets)?

Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with necessary
safeguards to allow for controlled use of the model, for example by requiring that users adhere
to usage guidelines or restrictions to access the model or implementing safety filters.

» Datasets that have been scraped from the Internet could pose safety risks. The authors should
describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do not require
this, but we encourage authors to take this into account and make a best faith effort.
Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in the paper,
properly credited and are the license and terms of use explicitly mentioned and properly respected?

Answer: [Yes]

Justification: The creators of the data and models used are credited and their artifacts are used in the
way allowed by their licenses.

Guidelines:

* The answer NA means that the paper does not use existing assets.

» The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a URL.
* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of service of
that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the package should
be provided. For popular datasets, paperswithcode.com/datasets has curated licenses for
some datasets. Their licensing guide can help determine the license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of the derived
asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to the asset’s
creators.

New assets
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Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: The paper does not release any new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their sub-
missions via structured templates. This includes details about training, license, limitations,
etc.

* The paper should discuss whether and how consent was obtained from people whose asset is
used.

* At submission time, remember to anonymize your assets (if applicable). You can either create
an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper include
the full text of instructions given to participants and screenshots, if applicable, as well as details
about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve any human subjects.
Guidelines:

» The answer NA means that the paper does not involve crowdsourcing nor research with human
subjects.

* Including this information in the supplemental material is fine, but if the main contribution of
the paper involves human subjects, then as much detail as possible should be included in the
main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation, or
other labor should be paid at least the minimum wage in the country of the data collector.

. Institutional review board (IRB) approvals or equivalent for research with human subjects

Question: Does the paper describe potential risks incurred by study participants, whether such
risks were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals (or an
equivalent approval/review based on the requirements of your country or institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing with human subjects.
Guidelines:
» The answer NA means that the paper does not involve crowdsourcing nor research with human
subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent) may be
required for any human subjects research. If you obtained IRB approval, you should clearly
state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions and
locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the guidelines
for their institution.

* For initial submissions, do not include any information that would break anonymity (if applica-
ble), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or non-standard
component of the core methods in this research? Note that if the LLM is used only for writing,
editing, or formatting purposes and does not impact the core methodology, scientific rigorousness,
or originality of the research, declaration is not required.
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Answer: [NA]

Justification: The core method development in this research does not involve LLMs as any important,
original, or non-standard components.

Guidelines:
* The answer NA means that the core method development in this research does not involve
LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM) for what
should or should not be described.
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