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Abstract
Large language models (LLMs) achieve strong
performance across a wide range of tasks, but
remain frozen after pretraining until subsequent
updates. Many real-world applications require
timely, domain-specific information, motivating
the need for efficient mechanisms to incorpo-
rate new knowledge. In this paper, we introduce
MEMO (Memory as a Model), a modular frame-
work that encodes new knowledge into a dedi-
cated MEMORY model while keeping the LLM un-
changed. Compared to existing methods, MEMO
offers several advantages: (a) it captures complex
cross-document relationships, (b) it is robust to
retrieval noise, (c) it avoids catastrophic forget-
ting in the LLM, (d) it does not require access to
the LLM’s weights or output logits that enabling
plug-and-play integration with both open and pro-
prietary LLMs, and (e) its retrieval cost is indepen-
dent of corpus size at inference time. Our experi-
ments on three benchmarks, BrowseComp-Plus,
NarrativeQA, and MuSiQue, show that MEMO
achieves strong performance compared to existing
methods across diverse settings.

1. Introduction
Large language models (LLMs) have demonstrated remark-
able capabilities across diverse tasks (Kojima et al., 2023;
Zhao et al., 2023; Jiang et al., 2026). Despite their successes,
these models are effectively frozen for extended periods af-
ter pretraining (Xu et al., 2024) until subsequent updates,
causing their pretrained knowledge to become increasingly
outdated as the world evolves. For applications that require
up to date (Cheng et al., 2024; Kasai et al., 2024) or domain-
specific (Singhal et al., 2022; Wu et al., 2023) knowledge,
this dependence on static knowledge presents a fundamental
architectural limitation (Lewis et al., 2021; Kandpal et al.,
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2023). Retraining is a natural solution but remains pro-
hibitively expensive at modern scales (Wu et al., 2022a),
motivating the need for an efficient mechanism to integrate
new external knowledge into LLMs without full retraining.

Existing methods for integrating new knowledge into LLMs
fall into three categories. 1⃝ Non-parametric methods
retrieve relevant information from an external store at
inference time via lexical (Robertson & Walker, 1994),
dense (Lee et al., 2024), or graph-based retrievers (Lewis
et al., 2020; Edge et al., 2024; Gutiérrez et al., 2024; 2025),
before incorporating it through in-context learning (Brown
et al., 2020; Dong et al., 2024). However, these methods
are constrained by limited context windows and struggle
to synthesize cross-document relationships when relevant
information is distributed across multiple documents (Tang
& Yang, 2024; Lin et al., 2025). 2⃝ Parametric methods in-
ternalize knowledge directly into model parameters via con-
tinual pretraining (Ke et al., 2023) or fine-tuning (Ouyang
et al., 2022; Wang et al., 2023; Chung et al., 2024) on the
target corpus directly. While effective, they are computa-
tionally expensive, prone to catastrophic forgetting (Luo
et al., 2025), and tend to memorize training distributions
rather than acquire transferable knowledge, limiting gener-
alization to unseen queries (Chu et al., 2025). 3⃝ Latent
memory methods (Chevalier et al., 2023; Mu et al., 2023; Ge
et al., 2024) compress knowledge into soft tokens or other
model-specific representations, but suffer from representa-
tion coupling to the specific model used to produce these
representations, limiting transferability across LLMs.

We introduce MEMO (Memory as a Model), a modular
framework that encodes new knowledge into a dedicated
trained MEMORY model, from which EXECUTIVE model,
responsible for reasoning and responding to user queries,
retrieves relevant information via targeted sub-queries at
inference time and reasons over it to produce a final answer.
MEMO combines the complementary strengths of the three
paradigms above while mitigating their individual limita-
tions. Specifically, it inherits the plug-and-play flexibility of
non-parametric methods while leaving the LLM unchanged,
the ability to internalize knowledge in model parameters
from parametric methods, and the compact, queryable mem-
ory artifact of latent memory methods. As a result, MEMO
offers the following advantages: (a) it captures complex
cross-document relationships, (b) it is robust to retrieval
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Who is Linda to Earl?

Linda is Earl’s wife (and caregiver
during his final illness).
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Figure 1. Overview of MEMO. During MEMORY model training (left), a frozen GENERATOR model transforms a target corpus into a
reflection QA dataset via fact extraction, consolidation, verification, entity surfacing, and cross-document synthesis, which is then used
to train a dedicated MEMORY model. During inference (right), the frozen EXECUTIVE model answers complex queries by interacting
with MEMORY model through a structured multi-turn protocol: it decomposes the input into simpler, targeted sub-queries, retrieves
intermediate responses from MEMORY model, and composes them to produce a final answer to the original user’s query.

noise, (c) it avoids catastrophic forgetting in the LLM, (d)
it does not require access to the base LLM’s weights or
output logits, enabling plug-and-play integration with both
open and proprietary LLMs, and (e) its retrieval cost is in-
dependent of corpus size at inference time due to the fixed
size of the memory model. However, designing MEMO
to comprehensively capture cross-document relationships
during training while accurately answering arbitrary queries
at inference time introduces two key challenges, which we
outline below and address them with novel methods.

1⃝ Training MEMORY model. A core challenge in train-
ing MEMORY model is ensuring it can accurately answer
diverse, unseen queries at inference time, including those
requiring cross-document reasoning and long-context un-
derstanding. A natural approach is to train directly on the
raw corpus using standard data augmentation techniques
such as paraphrasing (Li et al., 2022; Chen et al., 2023;
Allen-Zhu & Li, 2024), additional sampling of generated
QA pairs (Alberti et al., 2019; Puri et al., 2020), or targeted
gap-filling, where the model identifies and completes miss-
ing knowledge from the corpus (Feng et al., 2024; Jie et al.,
2024). However, these approaches fail to consolidate related
facts into compositional representations necessary for robust
generalization to unseen queries (Chu et al., 2025). With
this inference-time challenge in mind, we design a novel
five-stage data synthesis pipeline (Sec. C.1) that distills the
corpus into a question–answer (QA) dataset of reflections:
compositional representations that expose underlying cor-
pus knowledge under diverse query variations (illustrated in
Fig. 1 (left) and detailed in Sec. C.1). We train MEMORY
model on the synthesized reflection QA dataset via super-
vised fine-tuning (see Sec. C.2), enabling MEMORY model
to capture more complex, cross-document relationships and
compositional structure than retrieval-based methods.

2⃝ Querying MEMORY model. At inference time, com-

plex or compositional queries often require multi-step rea-
soning and aggregation of information across multiple doc-
uments. Naively querying MEMORY model via single-turn
or unstructured multi-turn interactions fails to reliably re-
trieve the knowledge required to answer such queries. To
address this, we design a three-step inference pipeline in
which EXECUTIVE model, responsible for responding to
user queries, interacts with MEMORY model via a struc-
tured multi-turn protocol, decomposing complex queries
into targeted sub-queries that align with the shared reflec-
tion interface (illustrated in Fig. 1 (right) and detailed in
Sec. C.3). Unlike retrieval-based methods, this approach
incurs retrieval cost independent of corpus size and is robust
to retrieval noise (see Sec. 2.2) Crucially, because MEMO
treats EXECUTIVE model as a black box and does not access
its weights, gradients, or output logits, it supports plug-and-
play integration with any LLM, including both both open
and proprietary closed-source models.

Our methods is guided by a single design principle: reflec-
tions, distilled from the target corpus, serve as a shared
interface that consolidates relationships into compositional
representations. During training, MEMORY model internal-
izes these reflections; EXECUTIVE model retrieves relevant
knowledge through targeted sub-queries at inference time.
Building on the challenges outlined above and the methods
proposed to address them, we summarize the key contribu-
tions of this paper as follows:

• Novel data synthesis pipeline. We propose a five-stage
data synthesis pipeline that distills a target corpus into
reflections, enabling a dedicated MEMORY model to in-
ternalize knowledge in compositional forms that capture
more complex cross-document relationships and general-
ize robustly to diverse, unseen query variations at infer-
ence time (see Sections C.1 and C.2).

• Structured multi-turn protocol. We introduce a struc-
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tured multi-turn protocol that systematically decomposes
complex queries into targeted sub-queries aligned with the
shared reflection interface. The protocol supports plug-
and-play integration with any LLM, including proprietary
models, and has retrieval cost independent of corpus size
(see Sec. C.3).

• Empirical validation. We evaluate MEMO on
BrowseComp-Plus, NarrativeQA, and MuSiQue, demon-
strating strong performance against both parametric and
non-parametric baselines. We further empirically validate
MEMO’s robustness to retrieval noise (see Sec. 2).

2. Experiments
Datasets. We evaluate MEMO on three knowledge-
intensive benchmarks. BrowseComp-Plus (Chen et al.,
2025) is a deep-research benchmark for multi-hop, multi-
document retrieval and reasoning. We filter non-English
instances using LangDetect (Danilák, 2021) and sample
300 questions; the target corpus is constructed by taking
each question’s evidence documents alongside an equal
number of negative documents1, yielding 3,541 documents
in total. NarrativeQA (Kočiskỳ et al., 2018) tests dis-
course understanding over long documents such as books
and movie scripts. We use 293 questions across 10 doc-
uments2. MuSiQue (Trivedi et al., 2022) is a multi-hop
question-answering benchmark that requires composing 2–
4 reasoning steps across multiple Wikipedia paragraphs. We
use 1,000 questions and construct the target corpus in the
same manner as BrowseComp-Plus, yielding 5,296 docu-
ments in total. Further details are provided in App. D.

Baselines. We compare MEMO against four base-
lines spanning distinct knowledge-integration paradigms:
BM25 (Robertson & Walker, 1994) (lexical retrieval),
NV-Embed-V2 (Lee et al., 2024) (dense retrieval), Hip-
poRAG2 (Gutiérrez et al., 2025) (graph-based RAG), and
Cartridges (Eyuboglu et al., 2025) (a trained KV-cache
loaded onto EXECUTIVE model at inference time). We
additionally include Perfect Retrieval as an empirical up-
per bound, where EXECUTIVE model receives only gold
documents in context (Brown et al., 2020), requiring no
document retrieval or processing. Retrieval-based baselines
use top-k=9 retrieval with adaptive backoff, where k is
dynamically reduced until the retrieved context fits within
EXECUTIVE model’s context window size.

Implementation and evaluation. (a) Data generation. We
use Qwen2.5-32B-Instruct (Yang et al., 2025) as GENERA-

1BrowseComp-Plus and MuSiQue provide annotations of gold
(correct), evidence (supporting) and negative (distractor) docu-
ments.

2We follow the setting of HippoRAG2 and evaluate on 10
documents from the NarrativeQA validation split, which comprises
294 questions; one duplicate is removed for consistency.

TOR model, a strong open-weight model with long-context
handling capabilities, served via vLLM (Kwon et al., 2023)
with YaRN RoPE scaling (Su et al., 2023) to support a 131K-
token context. (b) Training. We train MEMORY model
from Qwen2.5-14B-Instruct for 3 epochs using the fused
AdamW (Loshchilov & Hutter, 2017) optimizer and Deep-
Speed 2 (Rajbhandari et al., 2020), with a learning rate
of 2×10−5. Full hyperparameters are detailed in App. E.
(c) Evaluation. At inference time, we instantiate EXECU-
TIVE model with Qwen2.5-32B-Instruct and Gemini-3.0-
Flash (Google DeepMind, 2025) to evaluate performance
across models with varying reasoning capabilities when aug-
mented with the same trained MEMORY model. We further
verify that both models have minimal prior knowledge of the
evaluation datasets (App. F). EXECUTIVE model interacts
with MEMORY model through the multi-turn protocol de-
scribed in Sec. C.3. We report binary accuracy, evaluated by
Gemini-2.5-Flash-Lite (Comanici et al., 2025) via the Deep-
Eval framework (Ip & Vongthongsri, 2025). Results with
Qwen2.5-32B-Instruct are reported as mean ± standard de-
viation over three runs, while results with Gemini-3.0-Flash
are based on a single run due to API cost constraints.

2.1. Experimental results

MEMO achieves strong performance across bench-
marks. As shown in Table 1, MEMO consistently out-
performs all baselines on NarrativeQA and MuSiQue across
both EXECUTIVE models. On NarrativeQA—the most
challenging benchmark, comprising full-length books and
movie scripts—MEMO achieves 26.85% with Qwen2.5-
32B-Instruct and 53.58% with Gemini-3-Flash, substan-
tially surpassing all baselines. This is particularly notable
as NarrativeQA requires reasoning over long documents
with complex connections, a setting where retrieval-based
methods are fundamentally constrained by context window
limits and their inability to model relationships. By con-
trast, MEMO captures these complex connections via reflec-
tions during training and retrieves them precisely through
a structured multi-turn protocol during inference. This
trend is further supported on MuSiQue, where MEMO
achieves 48.30% with Qwen2.5-32B-Instruct and 58.70%
with Gemini-3-Flash, outperforming retrieval-based base-
lines that struggle to compose multi-hop reasoning steps. On
BrowseComp-Plus, MEMO achieves 66.67% with Gemini-
3-Flash, outperforming all baselines, and remains competi-
tive with Qwen2.5-32B-Instruct (54.22%), narrowly trailing
HippoRAG2 (56.11%).

MEMO supports plug-and-play integration. Across the
three benchmarks, MEMO consistently achieves higher per-
formance when paired with a more capable EXECUTIVE
model (Gemini-3-Flash). This demonstrates that MEMO
can be trained once with a weaker GENERATOR model, and
seamlessly combined with any LLM at inference time, with-
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Table 1. Accuracy (%) on BrowseComp-Plus, NarrativeQA, and MuSiQue under two EXECUTIVE models: Qwen2.5-32B-Instruct
(Qwen2.5-32B-I) and Gemini-3-Flash (Gemini-3-F). Bold values indicate the best result in each column, excluding Perfect Retrieval.
MEMO uses Qwen2.5-14B-Instruct as MEMORY model, and results are reported at the best training epoch. ⋆Perfect Retrieval represents
an empirical upper bound.

BrowseComp-Plus NarrativeQA MuSiQue
Method Qwen2.5-32B-I Gemini-3-F Qwen2.5-32B-I Gemini-3-F Qwen2.5-32B-I Gemini-3-F
Perfect Retrieval⋆ 79.67± 1.45 88.33 51.42± 0.52 60.41 62.83± 0.90 73.00

BM25 1.11± 0.69 27.00 10.24± 0.34 14.33 20.00± 0.30 23.20

NV-Embed-V2 50.67± 0.33 57.00 20.59± 0.86 26.62 37.47± 0.15 46.60

HippoRAG23 56.11± 0.51 66.33 21.39± 0.20 23.21 42.17± 0.12 57.00

Cartridges 0.00± 0.00 - 3.75± 0.11 - 8.57± 0.40 -
MEMO 54.22± 0.84 66.67 26.85± 0.39 53.58 48.30± 1.25 58.70

Table 2. Accuracy (%) on BrowseComp-Plus and MuSiQue with Qwen2.5-32B-Instruct as EXECUTIVE model. Red values denote
absolute drop in accuracy (percentage points) relative to the noiseless setting (0N ). MEMO results are based on Qwen2.5-14B-Instruct
and reported at the best training epoch. N = Number of evidence documents present in the target corpus.

Number of negative documents per evidence document
Method Dataset 0N 1N

NV-Embed-V2
BrowseComp-Plus 56.89± 0.51 50.67± 0.33 (↓ 6.22)

MuSiQue 42.30± 0.53 37.47± 0.15 (↓ 4.83)

HippoRAG2
BrowseComp-Plus 62.33± 1.15 56.11± 0.51 (↓ 6.22)

MuSiQue 47.33± 0.74 42.17± 0.12 (↓ 5.16)

MEMO
BrowseComp-Plus 53.67± 1.15 54.22± 0.84 (↑ 0.55)

MuSiQue 50.07± 0.81 48.30± 1.25 (↓ 1.77)

out retraining. This plug-and-play capability allows MEMO
to directly leverage state-of-the-art proprietary models with-
out any additional overhead.

2.2. Ablation on the amount of noise for the dataset

We investigate the robustness of MEMO against two strong,
retrieval-based methods to increasing retrieval noise, where
noise is controlled by the number of negative documents
added to the target corpus (N = 1775 for BrowseComp-
Plus and N = 2648 for MuSiQue). As shown in Tab. 2,
performance significantly degrades for retrieval-based meth-
ods (drops of up to 6.22 pp) as noise increases, confirm-
ing that these retrieval systems are highly susceptible to
irrelevant documents and struggle in noisy settings. In
contrast, MEMO’s performance remains relatively consis-
tent for both benchmarks: an improvement of 0.55 pp on
BrowseComp-Plus and a negligible drop of 1.77 pp on
MuSiQue, both within standard deviation bounds. We at-
tribute this robustness to MEMO’s design: rather than re-
trieving raw documents that may include distractors, MEM-
ORY model internalizes synthesized reflections that consoli-
date cross-document connections, and responds to EXECU-
TIVE model’s sub-queries with precise, relevant knowledge.

3. Conclusion
We introduced MEMO, a modular framework for inte-
grating updated or domain-specific knowledge into LLMs
via a MEMORY model trained on a synthesized reflection
QA dataset. MEMO addresses key limitations of existing
methods: it bypasses context constraints and weak cross-
document reasoning in retrieval-based approaches, avoids
costly and brittle parametric updates (including catastrophic
forgetting), and removes representation coupling in latent
memory methods. Its core components are a data synthesis
pipeline capturing explicit facts and implicit relationships,
and a multi-turn inference protocol that decomposes com-
plex queries into targeted sub-queries for desired informa-
tion retrieval from the memory model. Empirically, MEMO
outperforms strong baselines across diverse benchmarks. It
also provides a scalable pathway for knowledge integration,
supporting efficient updates and plug-and-play deployment
with both open-source and proprietary LLMs. Future work
includes more efficient memory construction, extensions
to dynamic corpora, and tighter coordination between the
EXECUTIVE model and MEMORY model. We view MEMO
(Memory as a Model) as a promising foundation for more
flexible, updatable, and knowledge-aware AI systems.
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A. Related Work
Non-parametric methods. Non-parametric alternatives (Robertson & Walker, 1994; Lee et al., 2024; Gutiérrez et al.,
2025) avoid parameter updates entirely, instead, supplying new knowledge at inference time. In particular, in-context
learning (ICL) (Brown et al., 2020; Dong et al., 2024) inserts relevant knowledge directly into the prompt, avoiding
catastrophic forgetting. However, ICL scales poorly with increasing context length: the computational cost of autoregres-
sive generation (Vaswani et al., 2017) leads to substantial token overhead and inference latency as the knowledge base
grows (Gelada et al., 2025), and even explicitly long-context models exhibit significant performance degradation as context
length increases (Liu et al., 2024; Hsieh et al., 2024). Retrieval-augmented generation (RAG) (Lewis et al., 2020; Edge
et al., 2024; Gutiérrez et al., 2024; 2025) addresses this scalability bottleneck by selectively retrieving relevant chunks of
knowledge rather at inference time. However, RAG systems are highly sensitive to retrieval noise (Cuconasu et al., 2024),
where irrelevant or misleading passages substantially degrade generation quality (Liu et al., 2026). In addition, RAG systems
often struggle to reason over complex cross-document dependencies (Tang & Yang, 2024), as they lack robust mechanisms
for synthesizing information that is distributed across multiple chunks or a large corpus (Lin et al., 2025).

Parametric methods. Existing post-training approaches, such as continual pretraining on new corpora (Ke et al., 2023;
Sun et al., 2020) or supervised fine-tuning (SFT) on curated instruction data (Ouyang et al., 2022; Wang et al., 2023; Chung
et al., 2024), attempt to address this limitation by incorporating new knowledge into LLMs during post-training. While
conceptually straightforward, these parametric methods often suffer from catastrophic forgetting, whereby adaptation to
newly observed knowledge degrades previously acquired knowledge, learned capabilities (Luo et al., 2025; Li & Hoiem,
2018; Harmon et al., 2025), and erodes safety alignment (Qi et al., 2024). In addition, the scale of modern LLMs makes
frequent fine-tuning computationally expensive (Zhang et al., 2023; Xia et al., 2024), and fine-tuning is often infeasible for
proprietary, closed-source models (Manchanda et al., 2025), substantially limiting the practicality of parametric methods in
real-world applications.

Latent memory methods. Another approach to storing knowledge is via compressed latent representations, which lie
between non-parametric retrieval and fully parametric methods. Context compression techniques such as AutoCompres-
sor (Chevalier et al., 2023), Gist tokens (Mu et al., 2023), and ICAE (Ge et al., 2024) encode knowledge into compact soft
tokens prepended at inference, reducing ICL token overhead without discarding information. However, these representations
are tightly coupled to the encoder and cannot be consumed by other model families, limiting compatibility with black-box
LLMs. Similarly, recurrent-state models (Gu & Dao, 2023; Sun et al., 2023) and nearest-neighbor memory methods
such as Memorizing Transformers (Wu et al., 2022b) and kNN-LM (Khandelwal et al., 2020) rely on model-specific
representations or architectures, preventing post hoc use with pretrained LLMs. Although Memory Decoder (Cao et al.,
2025) is a plug-and-play pretrained memory module that integrates without modifying model parameters, it is limited to
architectures sharing a common tokenizer, enabling reuse only within this subset. The core limitation of these methods
is representation coupling: latent memory is inseparable from the model that produces it. In contrast, MEMO allows a
plug-and-play integration with any LLM, including closed-source models.

Table 3. Here, we summarize how MEMO differs from the above methods across key architectural and methodological dimensions,
highlighting its unique combination of modular memory construction and retrieval-augmented reasoning.

Methods Frozen
base LLM

No
retrieval index

Black-box
compatible

No catastrophic
forgetting

Constant-size
memory

Cross-LLM
transferable

Non-parametric (RAG, ICL) ✓ × ✓ ✓ × ✓

Parametric (CPT, SFT) × ✓ × × × ×
Latent memory (AutoCompressor, Gist, ICAE) ✓ ✓ × ✓ ✓ ×
MEMO (Ours) ✓ ✓ ✓ ✓ ✓ ✓

B. Preliminaries
Problem setting. LetMθ denote a large language model with frozen parameters θ ∈ Rp, pretrained on a corpus Dpre. We
treatMθ as a conditional distribution that maps a prompt x to a responseMθ(x), and assume only black-box access; in
particular,Mθ may be either a white-box model or a closed-source model accessed via API. Let D = {d1, . . . , dN} denote
a target corpus of N documents containing knowledge largely absent from the pretrained knowledge (Dpre) ofMθ. Let Q

3These results differ from the original paper (Gutiérrez et al., 2025), which uses Llama3.3-70B-Instruct instead of Qwen2.5-32B-
Instruct.
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be a set of queries, each q ∈ Q associated with a ground-truth answer a⋆(q) and a set of supporting documents S(q) ⊆ D.
Note that S(q) is a theoretical construct used to characterize query complexity.

Knowledge integration mechanism. A knowledge integration mechanism is a pair (Φ, f), where Φ maps the corpus to a
representation K .

= Φ(D) and f combines K withMθ at inference to produce responses f(Mθ,K, q). We formalize the
goal as follows.

Definition 1 (Knowledge Integration Problem). Given a frozen modelMθ and target corpus D, find a mechanism (Φ, f)
such that, without modifying θ, for all q ∈ Q, P {f(Mθ,Φ(D), q) = a⋆(q)} = 1.

Existing approaches. Existing methods differ in their choice of (Φ, f). ICL sets K = D and f(Mθ,K, q) =Mθ([D; q]),
i.e., appending the corpus directly to the prompt. RAG constructs K as a retrieval index and defines f to retrieve a subset
Ŝ ⊆ D before passing [Ŝ; q] toMθ. Fine-tuning sets K = ∅ and f =Mθ′ , where θ′ is obtained by updating θ on D. In
contrast, MEMO defines K as the parameters of a small, dedicated MEMORY modelMφ with φ≪ θ, trained on reflection
QA dataset derived from D, and queried by a frozen EXECUTIVE modelMθ at inference time.

C. MeMo: Memory as a Model
MEMO addresses the knowledge integration problem (Def. 1) through two components: a frozen modelMθ (EXECUTIVE
model), which handles reasoning and responds to user queries, and a MEMORY modelMφ, which is trained to encode
knowledge from a target corpus D. Our pipeline operates in two phases: (i) a training phase that constructs MEMORY model
from D, and (ii) an inference phase in which EXECUTIVE model queries MEMORY model to resolve knowledge-intensive
questions (see Sections C.1 to C.3).

C.1. Data Generation Pipeline

Given a corpus of documents D, our objective in the data generation process is to construct a reflection QA dataset Qfinal
that captures both single-document facts and cross-document relationships. This process is driven by a GENERATOR model
Mgen and proceeds through five stages, as summarized in Alg. 1 and illustrated in Fig. 1: (1) fact extraction from raw
documents, (2) consolidation of redundant or overlapping information, (3) verification and rewriting to ensure correctness
and clarity, (4) entity surfacing to explicitly represent key entities, and (5) cross-document synthesis to integrate evidence
across the corpus. Importantly, no document identifiers or watermarks are embedded in the generated QA pairs at any stage,
preventing MEMORY model from exploiting shortcut signals during evaluation.

Stage 1: Fact extraction. Each document d ∈ D is segmented into chunks C, where each chunk corresponds either to an
entire document or to a contiguous segment of a longer document. For each chunk,Mgen performs two parallel extraction
processes: direct extraction, which captures explicitly stated facts (producing Qdir), and indirect extraction, which targets
inferred or synthesized information beyond the surface text (producing Qindir). This dual extraction process ensures that
both factual recall and inferential reasoning are represented in the training signal for MEMORY model.

Stage 2: Consolidation. The GENERATOR modelMgen consolidates Qdir ∪ Qindir by identifying QA pairs that share
a common underlying context (such as entity, time period, or relationship type) and combining them into QA pairs that
encompass multiple facts, denoted Qmrg. This merging process produces training instances that require integrating multiple
facts within the same contextual chunk, going beyond single-fact question answering pairs. The synthesized QA pairs are
subsequently unified with the original sets to form the consolidated dataset Qcon = Qdir ∪Qindir ∪Qmrg.

Stage 3: Verification and rewriting. Each QA pair in Qcon is evaluated for self-containment byMgen, i.e., whether it
can be fully understood and correctly answered in isolation, without access to the source chunk. Common failure modes
include unresolved pronouns (e.g., “What did they propose?”) and implicit references (e.g., “As noted in the above table. . . ”).
Non-self-contained QA pairs are rewritten byMgen using the source chunk C as context; QA pairs that remain ambiguous
after rewriting are discarded. This check-and-rewrite procedure yields the verified set Qver, self-contained QA pairs suitable
for standalone supervision.

Stage 4: Entity surfacing. For each named entity in Qver,Mgen generates a set of entity-surfacing QA pairs in which the
question encodes the entity’s attributes and relationships (including connections to other named entities) and the answer
reveals its identity. Facts about each entity are aggregated across all QA pairs within the chunk prior to generation, enabling
the integration and composition of information from multiple source pairs. Questions are generated at varying levels of
complexity, ranging from single-fact to multi-fact queries. These pairs, denoted Qent, mitigate the reversal curse (Berglund
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Algorithm 1 Reflection QA Dataset Generation Pipeline from Target Corpus

Require: Corpus D, generatorMgen, document groups G = {G1, . . . , Gk} with Gi ⊆ D
1: Qfinal ← ∅
2: for all document d ∈ D do
3: C ← Chunk(d) ▷ Segment into chunks
4: Qd

ver ← ∅
5: for all chunk c ∈ C do
6: Qdir, Qindir ←Mgen(c) ▷ Stage 1: Direct and indirect extraction
7: Qraw ← Qdir ∪Qindir ▷ Stage 2a: Merge direct and indirect
8: Qmrg ←Mgen(Qraw) ▷ Stage 2b: Consolidate related pairs
9: Qcon ← Qraw ∪Qmrg ▷ Stage 2c: Full merge set

10: Qver ←Mgen(Qcon, c) ▷ Stage 3: Verify self-containment; rewrite or discard
11: Qd

ver ← Qd
ver ∪ Qver

12: end for
13: Qd

ent ←Mgen(Qd
ver) ▷ Stage 4: Entity-surfacing pairs

14: Qfinal ← Qfinal ∪ Qd
ver ∪Qd

ent
15: end for
16: for all Gi ∈ G do
17: Qcross ←Mgen

(⋃
d∈Gi

(
Qd

ver ∪Qd
ent

))
▷ Stage 5: Cross-document synthesis

18: Qfinal ← Qfinal ∪ Qcross
19: end for
20: return Qfinal

et al., 2023; Allen-Zhu & Li, 2023) by training MEMORY model to infer entities from indirect or partially specified
descriptions. This capability supports the entity identification turn at inference time (Sec. C.3).

Stage 5: Cross-document synthesis. The final stage operates over pre-defined document groups G = {G1, . . . , Gk},
where chunks within each group Gi are topically related. Such groups arise naturally, for example, when a large document is
segmented into chunks (forming a single group) or from human-provided labels. For each group Gi,Mgen is provided with
the entity-surfacing pairsQd

ent : d ∈ Gi from all member documents and identifies two types of cross-document connections:

• Converging clues: multiple documents provide complementary facts about the same entity, which together enable its
identification.

• Parallel properties: different entities across documents share a common attribute or role, enabling comparative and
analogical reasoning.

Both types yield QA pairs with support size s(q) > 1 (Sec. B), directly targeting the cross-document synthesis objective. The
final dataset is Qfinal = Qver ∪ Qent ∪ Qcross, which collectively captures self-contained, entity-centric, and cross-document
reasoning signals for training MEMORY model.

C.2. Training the MEMORY model

Given Qfinal, MEMORY model is trained via supervised fine-tuning to map questions directly to answers without access to
source documents at inference time. MEMORY model is initialized from a small pretrained language model, substantially
smaller than EXECUTIVE model (e.g., 1.5B vs. 32B parameters), and optimized by minimizing the next-token prediction
loss over answer tokens only.

L(φ) = −
∑

(qi, ai)∈Qfinal

|ai|∑
t=1

logMφ

(
a
(t)
i

∣∣∣ qi, a(1:t−1)
i

)
.

Conditioning only on the question and preceding answer tokens, and never on source documents, forces MEMORY model to
internalize knowledge parametrically rather than rely on copying from retrieved context. This constitutes a key distinction
from RAG-based readers: at inference time, MEMORY model generates answers solely from its internalized knowledge.
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C.3. Inference-Time Integration

At inference time, EXECUTIVE model and MEMORY model interact through a structured multi-turn protocol, with EXECU-
TIVE model treating MEMORY model as an external knowledge oracle. Rather than a single query–response exchange, the
interaction proceeds through three sequential turns, each designed to progressively improve the likelihood of producing a
correct final answer, as illustrated in Fig. 1 (right). Each turn employs distinct prompts and sampling temperatures, with
independent per-turn budgets controlling the number of queries. We have provided full details in App. G.

Turn 1: Grounding. Given a query q, EXECUTIVE model decomposes it into a set of atomic, clue-probing sub-questions
{q′1, . . . , q′K}, where each sub-question targets a single identifying constraint in q, and K is adaptively determined by
EXECUTIVE model. The MEMORY model answers each sub-question independently, without shared context, producing
grounding responses {m1, . . . ,mK}. These responses provide additional contextual grounding for subsequent turns,
drawing on MEMORY model’s parametric knowledge rather than relying solely on that of EXECUTIVE model.

Turn 2: Entity identification. Using the grounding responses as context, EXECUTIVE model iteratively narrows a set
of candidate entities by issuing targeted follow-up sub-queries to MEMORY model across multiple turns. This process
continues until EXECUTIVE model converges on a single entity e⋆ or the per-turn budget is exhausted. If no candidates are
identified, Turn 3 is skipped and EXECUTIVE model synthesizes a final answer from the grounding responses alone. This
stage leverages MEMORY model’s training on the entity-surfacing QA pairs Qent (Sec. C.1).

Turn 3: Answer seeking and synthesis. Conditioned on the identified entity e⋆, EXECUTIVE model queries MEMORY
model for additional supporting facts through targeted follow-up questions. Once sufficient evidence is gathered, or
the turn budget is exhausted, EXECUTIVE model synthesizes the accumulated responses into a final answer: â =
Mθ

(
q, {mk}Kk=1, e

⋆, mseek
)
.

Notably, the MEMORY model responses mk and mseek are compact natural-language snippets whose lengths are independent
of the corpus size, ensuring constant-time inference. As all interactions withMθ occur through its input–output interface,
MEMO remains fully compatible with black-box EXECUTIVE models, including proprietary APIs, without requiring access
to internal parameters.

D. Preparation of Datasets
Corpus construction. Extending from our description in Sec. 2, we distinguish between two types of documents4: evidence
documents, which contain information relevant to answering a given question, and negative documents, which are irrelevant
and serve as noise. For BrowseComp-Plus, we used 1,775 unique evidence documents and 1,766 unique negative documents
(after removal of non-English documents), yielding 3,541 documents in total. For MuSiQue, we used 2,648 documents
for each of the evidence and negative documents, yielding 5,296 documents in total. NarrativeQA does not have negative
documents.

Chunking strategy. As shown in Tab. 4, NarrativeQA full documents span the 32,769–131,072 token range with a median
length of 65,925 tokens, reflecting the long-form nature of the source novels. Processing such documents without chunking
risks reduced coverage of extractable QA pairs in Stage 1 of Alg. 1, as attention quality is known to deteriorate over longer
contexts (Hsieh et al., 2024). We therefore chunk NarrativeQA documents using a fixed sliding window of 6,400 words with
a 640-word overlap (10% overlap ratio), yielding 75 chunks concentrated in the 4,097–16,384 token range and accounting
for 96% of all chunks, with a median group size of 7 per document as shown in Tab. 5. Unlike NarrativeQA, MuSiQue
documents are compact with 99.70% falling below 512 tokens, and each MuSiQue document is treated as a single chunk.

BrowseComp-Plus documents are also treated as a single chunk. The time complexity of Stage 5 in Alg. 1 is O(k ·C2 ·Q2),
where k = ngroup is the number of groups, C = |Gi| is the number of participating chunks per group, and Q = Q̄i is the
average number of QA pairs extracted per chunk. Since chunking increases C, pipeline costs at Stage 5 scale quadratically
as the number of chunks per group increases. Given that only 2.93% of BrowseComp-Plus documents exceed 32,768
tokens, the majority of documents fit within a single chunk, making the cost of chunking difficult to justify. We therefore
opted against chunking in favor of lower pipeline cost, and leave a systematic evaluation of chunking strategies and related
tradeoffs to future work.

Subset selection of negative documents. We include only a subset of negative documents for BrowseComp-Plus and

4Note that for BrowseComp-Plus, the gold documents are a subset of the evidence documents.
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Table 4. Token length distribution across corpora at the chunk level, where n represents the total number of individual chunks processed
by Alg. 1. Each entry reflects the token count of a single text chunk. Statistics for NarrativeQA are reported before and after chunking.

Token Range BrowseComp-Plus (n = 3,541) NarrativeQA Full Docs (n = 10) NarrativeQA Chunks (n = 75) MuSiQue (n = 5,296)
0–512 606 (17.11%) 0 (0.00%) 0 (0.00%) 5,280 (99.70%)
513–1,024 591 (16.69%) 0 (0.00%) 0 (0.00%) 16 (0.30%)
1,025–2,048 746 (21.07%) 0 (0.00%) 1 (1.33%) 0 (0.00%)
2,049–4,096 598 (16.89%) 0 (0.00%) 2 (2.67%) 0 (0.00%)
4,097–8,192 428 (12.09%) 0 (0.00%) 36 (48.00%) 0 (0.00%)
8,193–16,384 323 (9.12%) 0 (0.00%) 36 (48.00%) 0 (0.00%)
16,385–32,768 145 (4.09%) 0 (0.00%) 0 (0.00%) 0 (0.00%)
32,769–65,536 56 (1.58%) 5 (50.00%) 0 (0.00%) 0 (0.00%)
65,537–131,072 20 (0.56%) 5 (50.00%) 0 (0.00%) 0 (0.00%)
> 131,072 28 (0.79%) 0 (0.00%) 0 (0.00%) 0 (0.00%)
Min tokens 14 32,804 1,943 23
Median tokens 1,756 65,925 8,158 105
Mean tokens 7,192 66,324 8,713 123
p95 tokens 20,330 119,267 11,266 270
Max tokens 1,235,897 119,267 12,104 828

Table 5. Distribution of document group sizes across datasets, where group size denotes the number of chunks associated with a single
question or document. For BrowseComp-Plus and MuSiQue, each question is associated with a subset of chunks drawn from the corpus,
and group size represents the number of chunks per question. For NarrativeQA, each subset of chunks is derived from the original
document used for multiple questions, and group size represents the number of chunks per document.

Document Group Size Range BrowseComp-Plus (ngroup = 300) NarrativeQA Chunks (ngroup = 10) MuSiQue (ngroup = 1,000 )
0–2 2 (0.67%) 0 (0.00%) 0 (0.00%)
3–4 14 (4.67%) 3 (30.00%) 518 (51.80%)
5–8 78 (26.00%) 4 (40.00%) 482 (48.20%)
9–16 159 (53.00%) 3 (30.00%) 0 (0.00%)
>16 47 (15.67%) 0 (0.00%) 0 (0.00%)
Min group size 2 3 4
Median group size 12 7 4
Mean group size 11.8 7.5 5.3
p95 group size 20 16 8
Max group size 23 16 8

MuSiQue due to computational constraints arising from the quadratic scaling of Stage 5. As reported in Tab. 5, BrowseComp-
Plus currently has a mean group size of 11.8 and a maximum of 23, while MuSiQue has a mean group size of 5.3 and a
maximum of 8. Incorporating all available negative documents, which average 78 per question (up to 197) for BrowseComp-
Plus and 17 per question (up to 18) for MuSiQue, would cause the group size to increase substantially. Given the quadratic
dependence on C in Stage 5, this would result in a prohibitive increase in pipeline cost for BrowseComp-Plus (k = 300)
and MuSiQue (k = 1,000). Hence, we opted to only include up to N dataset

evidence number of negative documents for each question
in the corpus.

E. MEMORY model hyperparameter settings
Training was conducted on H100 and H200 GPUs using the hyperparameter settings reported in Tab. 6. The effective
batch size was selected for each subset based on training stability and downstream evaluation performance, with the full
configuration summarized in Tab. 7.

F. Validating evaluation dataset suitability for EXECUTIVE model
To assess the suitability of the evaluation datasets for EXECUTIVE model and whether the EXECUTIVE model has memorized
answers from training data, we evaluate performance both without any context (No Context) and with evidence documents
manually provided for (In-Context Learning), the latter serving as an upper-bound oracle that assumes perfect retrieval of
relevant documents.

As shown in Tab. 8, the near-zero No Context scores across both EXECUTIVE models confirm that all three datasets require
access to retrieved evidence to answer correctly, validating their suitability for evaluating MEMO. Furthermore, the low

12



660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714

MEMO: Memory as a Model

Table 6. MEMORY model SFT Training Configuration

Parameter Value
Optimizer Fused AdamW
Gradient checkpointing True
Learning rate (LR) 2× 10−5

Num of Training epochs 3
LR scheduler type Constant with warmup
Warmup ratio 0.05
Weight decay 0.01
Max gradient norm 1.0
Max sequence length 8096
Precision BF16
Attention implementation Flash Attention 2

Table 7. Effective batch sizes and number of QA pairs used per dataset. NarrativeQA.1 and NarrativeQA.2 are independent subsets
partitioned from the original.

Dataset Target Num of Questions Num of QA Pairs Effective Batch Size
NarrativeQA 293 1,276,676 512
MuSiQue 1,000 664,762 256
BrowseComp-Plus 300 1,639,995 512

baseline performance suggests that data contamination during pretraining does not inflate the reported results.

Table 8. Gap between no context and in-context learning across datasets and evaluator models. The mean ± std. dev. is reported across 3
runs for Qwen2.5-32B-Instruct. Only a single run was carried out for Gemini-3-Flash due to API costs.

Qwen2.5-32B-Instruct Gemini-3-Flash
BrowseComp-Plus NarrativeQA MuSiQue BrowseComp-Plus NarrativeQA MuSiQue

No Context 0.00± 0.00 5.35± 0.20 17.03± 0.40 1.33 26.62 41.80
In-Context Learning 79.67± 1.45 51.42± 0.52 62.83± 0.90 88.33 60.41 73.00

Comparing datasets under the oracle upper bound, MuSiQue yields the highest No Context scores (17.03 for Qwen2.5-32B-
Instruct and 41.80 for Gemini-3-Flash), likely because its questions are grounded in Wikipedia-derived factual relationships
that fall within models’ parametric knowledge. In contrast, NarrativeQA requires reasoning over specific narrative documents
and is unlikely to have been seen during pretraining. BrowseComp-Plus is explicitly constructed to contain obscure and
hard-to-retrieve facts, driving its No Context performance near chance by design.

NarrativeQA proves to be the most challenging dataset even under perfect retrieval conditions, achieving the lowest In-
Context Learning scores (51.42 and 60.41 respectively), suggesting that its questions demand careful reasoning over long
narrative passages rather than simple fact retrieval. BrowseComp-Plus presents a strikingly different profile: near-zero
performance without context yet strong recovery under oracle retrieval (79.67 and 88.33), indicating that its answers are
not stored in model weights but are readily recoverable once the relevant documents are provided. This contrast highlights
that NarrativeQA and BrowseComp-Plus probe distinct failure modes, namely reasoning difficulty and knowledge absence
respectively, rather than a single axis of retrieval dependence.

Together, these findings confirm that EXECUTIVE model relies on retrieved evidence rather than prior exposure across all
three datasets, and that each benchmark stresses a different capability: MuSiQue tests multi-hop factual reasoning where
parametric knowledge provides a partial signal, NarrativeQA tests deep narrative comprehension that remains challenging
even with perfect context, and BrowseComp-Plus tests the ability to exploit retrieved documents for facts that are otherwise
entirely inaccessible to the model.
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G. Eval process and prompt
Beyond what is described in Sec. C.3, there are additional helper functions which help manage failure modes across Turn 2
and Turn 3. Within Turn 2, the uncertain answer streak tracker is called at the start of every entity-pinning turn and its
output is passed directly into the entity-pinning prompt, giving the EXECUTIVE model a live view of which candidates
the MEMORY model has repeatedly failed to corroborate. This allows the EXECUTIVE model to continuously re-rank and
prune the candidate pool as evidence accumulates. When Turn 2 concludes without a confirmed entity, either because
the EXECUTIVE model explicitly exhausts its options or the turn budget is reached, the best candidate selector acts as
the bridge into Turn 3 by returning the top-ranked candidate. In cases where multiple candidates share the highest rank,
the first candidate in the order produced by the EXECUTIVE model is selected. In both cases, the downstream Turn 3
prompt is informed of whether the entity was formally confirmed or merely a best guess. Finally, if Turn 3 reveals that the
Turn 2 entity was incorrect due to persistent MEMORY model failures, the entity pivot mechanism allows the EXECUTIVE
model to nominate a replacement entity mid-turn. The confirmed entity is then overwritten and marked as unconfirmed,
ensuring subsequent turns treat it with appropriate uncertainty rather than the confidence of a fully pinned entity. The current
temperature settings are described in Tab. 9. Turn 1 has 1 interaction, Turn 2 has 7 interactions, Turn 3 has 8 interactions.

Table 9. Temperature Configuration of each Stage from Sec. C.3

Turn Model Temperature Value Intent
Evaluation Turn 1 – Grounding EXECUTIVE model 0.4 Moderate exploration to generate di-

verse but focused sub-questions
Evaluation Turn 1 – Grounding MEMORY model 0.1 Near-deterministic to ensure stable, con-

sistent grounding answers
Evaluation Turn 2 – Entity identification EXECUTIVE model 0.4 Moderate exploration to identify varied

candidate entities without excess noise
Evaluation Turn 2 – Entity identification MEMORY model 0.1 Near-deterministic to produce reliable

entity-targeted answers
Evaluation Turn 3 – Answer Seeking EXECUTIVE model 1.0 High exploration to maximally diver-

sify sub-questions once the entity is con-
firmed

Evaluation Turn 3 – Answer Seeking MEMORY model 0.3 Slightly relaxed determinism to allow
nuanced answers while remaining con-
sistent

Final Synthesis EXECUTIVE model 0.3 Low temperature to produce a consis-
tent final answer

Table 10. Helper Functions for Turn 2 and 3 of the Evaluation Pipeline

Function Turn Intent
Track uncertain answer streaks Turn 2 Maintains a running tally of how many unanswerable questions

each candidate entity has accumulated across Turn 2, allowing
the EXECUTIVE model to progressively prioritize candidates that
the MEMORY model consistently cannot corroborate

Select best candidate Turn 2 Fallback bridge from Turn 2 to Turn 3 when entity pinning ends
without a confirmed entity. Selects the highest EXECUTIVE
model-ranked candidate, with ties broken by the order in which
the MEMORY model produced the candidates

Entity pivot correction Turn 3 Allows the pipeline to self-correct mid Turn 3 if the Turn 2 entity
proves incorrect. When the EXECUTIVE model nominates a
different entity, the confirmed entity is overwritten and marked
as unconfirmed so subsequent turns are aware it was not pinned
through the full Turn 2 process

The turn budget used in our experiments was selected without systematic tuning, and alternative settings may yield similar
performance with greater token efficiency. We leave a principled study of turn budget optimization to future work.
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