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Abstract

Retrieval-augmented generation (RAG) typ-
ically incorporates external knowledge by
appending retrieved documents to the in-
put prompt. While effective for knowledge-
intensive tasks, this in-context formulation
increases memory use and serving cost as
the retrieved context grows. Motivated by
this limitation, we propose Doc2Weight, an
in-weights RAG framework that injects re-
trieved information into model parameters
rather than the textual context. Doc2Weight
converts retrieved documents into parameter-
efficient low-rank updates and fuses them in
weight space according to their relevance to
the query. This enables retrieval augmenta-
tion with a query-only prompt, decoupling re-
trieval depth from prompt length while allow-
ing multiple retrieved passages to influence
generation within a single forward pass. We
evaluate Doc2Weight on instruction-tuned lan-
guage models of different scales, including
LLaMA-3.2-1B, Qwen2.5-1.5B, and LLaMA-
3-8B, across major QA benchmarks. Exper-
iments show that Doc2Weight achieves the
best average F1 among standard in-context
RAG and prior in-weights RAG baselines
across backbones and prompting settings, while
matching the throughput of in-context RAG
once document signatures are cached. Our code
is publicly available.1

1 Introduction

Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020) is a widely adopted paradigm for en-
hancing large language models (LLMs) with exter-
nal knowledge. In standard RAG, documents rele-
vant to a given query are retrieved from an external
source and appended to the input prompt, allow-
ing the model to generate responses conditioned

*Equal contribution.
†Corresponding author.
1https://github.com/charater1024-lang/
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Figure 1: (a) Standard in-context RAG concatenates all
retrieved passages with the query, increasing prompt
length and inference cost. (b) In-weights RAG maps the
retrieved passages into the parameter space as a weight
update (∆W ) and conditions generation on the query
alone, avoiding prompt expansion.

on both the query and the retrieved evidence. By
grounding generation in external documents, RAG
substantially improves performance on knowledge-
intensive tasks such as open-domain question an-
swering and multi-hop reasoning, where models
must access information beyond what is stored in
their parametric knowledge.

As LLMs improve in scale and reason-
ing (Grattafiori et al., 2024; Liu et al., 2024; Ras-
togi et al., 2025; Yang et al., 2025), they have be-
come increasingly effective at using retrieved in-
formation. This has made RAG a core component
of many real-world systems, including conversa-
tional agents (Achiam et al., 2023; Team et al.,
2023) that answer user queries by referencing web
pages, private documents, or external knowledge
bases. Despite its effectiveness, standard RAG
has a fundamental efficiency limitation: retrieved
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documents must be processed as part of the tex-
tual context. As the number or length of retrieved
passages grows, the input context becomes longer,
increasing memory usage, context-processing cost,
and serving overhead. This makes retrieval aug-
mentation expensive in settings with limited mem-
ory budgets, fixed context windows, or throughput-
sensitive serving requirements.

To mitigate this limitation, recent work has ex-
plored alternatives that avoid directly appending re-
trieved documents to the prompt. Instead, retrieved
information is transformed into parameter-space
representations, adapters, or passage-conditioned
modules that influence a frozen language model
without requiring the documents to be processed
as input tokens (Liu et al., 2025; Chen et al., 2025;
Tan et al., 2025). This line of work has often been
referred to as parametric RAG (Tan et al., 2025); in
this paper, we use the term in-weights RAG to em-
phasize its contrast with standard in-context RAG.
The central promise of in-weights RAG is to de-
couple retrieval augmentation from textual prompt
expansion: retrieved documents can influence gen-
eration through model weights rather than through
additional input tokens.

However, existing in-weights RAG meth-
ods still face important challenges in how re-
trieved documents are represented and composed.
DyPRAG (Tan et al., 2025) learns a lightweight
translator that maps document representations into
LoRA-style parametric updates, reducing the need
to store separately trained document-specific pa-
rameters. While effective, each document is rep-
resented by a compressed final-token hidden state
and converted into a parametric update indepen-
dently, which may limit both token-level document
expressiveness and explicit cross-document com-
position. Generative Adapter (Chen et al., 2025)
provides a more expressive alternative by gener-
ating adapters from second-order statistics over
context hidden states, allowing information from
all context tokens to contribute to the generated
update. However, such context-to-parameter map-
pings still do not explicitly address a key issue in
multi-document retrieval: for a given query, differ-
ent retrieved passages should not contribute equally
to the final update.

Intuitively, when multiple passages are retrieved,
their usefulness depends on the input query. A pas-
sage that is central evidence for one query may be
irrelevant, redundant, or even distracting for an-
other. Thus, effective in-weights RAG requires not

only expressive document parameterization, but
also query-aware composition of multiple retrieved
documents in weight space. Rather than compress-
ing retrieved documents into a query-agnostic up-
date, the model should selectively emphasize pas-
sages that are more relevant to the current query.

Motivated by this observation, we propose
Doc2Weight, an in-weights RAG framework that
integrates retrieved documents into LLMs through
query-conditioned, parameter-efficient weight up-
dates. Doc2Weight follows the encode–convert–
inject pipeline shared by prior in-weights RAG
methods (Su et al., 2025; Tan et al., 2025; Liu et al.,
2025; Chen et al., 2025): retrieved text is encoded,
converted into a parameter update, and injected into
a frozen backbone. Our contribution lies not in this
architecture but in two representation-level design
decisions within it. First, Doc2Weight encodes
each retrieved passage into a compact second-order
signature derived from its token-level hidden states,
rather than a single pooled vector. Second, it fuses
these signatures in weight space according to their
relevance to the input query, rather than composing
them query-agnostically. The fused representation
is mapped into a single low-rank update and in-
jected into the frozen backbone during inference,
enabling retrieval augmentation without expanding
the textual prompt.

We evaluate Doc2Weight on a diverse set of
question answering benchmarks using instruction-
tuned language models of different scales, includ-
ing LLaMA-3.2-1B, Qwen2.5-1.5B, and LLaMA-
3-8B. Across backbones and QA benchmarks,
Doc2Weight achieves the best average F1 among
standard in-context RAG and prior in-weights RAG
baselines in both prompting settings, demonstrating
that retrieved evidence can be effectively integrated
through query-aware weight-space adaptation with-
out appending retrieved passages to the prompt.

Further analyses validate the role of query-
conditioned fusion, characterize when and why the
method fails through a prediction-level error anal-
ysis, and report the prompt-length and throughput
trade-offs of weight-space retrieval augmentation.
Our contributions are summarized as follows:

• We introduce Doc2Weight, which represents
each retrieved passage as a compact second-
order signature within the established in-
weights RAG pipeline, avoiding prompt ex-
pansion during inference.

• We propose query-conditioned weight-space
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fusion, which selectively composes multiple
retrieved passages into a single parameter up-
date based on their relevance to the input
query.

• We show that Doc2Weight obtains the best
average F1 over standard in-context RAG
and prior in-weights RAG baselines for ev-
ery backbone in both prompting settings, and
validate the importance of query-conditioned
fusion through controlled ablations.

2 Related Work

2.1 Retrieval Augmentation: In Context vs. In
Weights

Retrieval-augmented generation (RAG) enhances
language models by retrieving external evidence
and conditioning generation on the retrieved con-
tent (Lewis et al., 2020; Guu et al., 2020). Most
RAG methods follow an in-context formulation,
where the retrieved passages d1:k are appended to
the query q and processed as part of the input:

pθ(y | q, d1:k). (1)

This paradigm is simple and broadly effective for
knowledge-intensive tasks, and prior work has re-
fined how retrieved passages are selected, read,
and combined (Borgeaud et al., 2022; Izacard
and Grave, 2021; Lin et al., 2024; Asai et al.,
2023; Jiang et al., 2023; Su et al., 2024). How-
ever, because retrieved documents remain part of
the textual context, in-context RAG couples re-
trieval depth to prompt length, memory usage, and
context-processing cost.

An alternative direction is in-weights RAG, also
referred to as parametric RAG, where retrieved
documents influence generation through model pa-
rameters rather than additional input tokens:

pθ+∆ϕ(d1:k)(y | q). (2)

Here, ∆ϕ(d1:k) denotes an instance-specific pa-
rameter update generated from the retrieved pas-
sages. This formulation decouples retrieval aug-
mentation from textual prompt expansion, while
introducing new challenges in how retrieved con-
tent should be represented, converted into param-
eter updates, and composed across multiple pas-
sages. Doc2Weight further extends this view by
making the update explicitly query-conditioned,
i.e., ∆ϕ(q, d1:k), so that different passages can con-
tribute differently depending on the input query.

2.2 Parameter-Space Adaptation and
Composition

Recent work has explored several ways to inject re-
trieved or contextual information into model param-
eters. Parametric RAG (PRAG) learns document-
specific LoRA parameters offline, replacing re-
trieved text with loadable parameter updates at in-
ference time (Su et al., 2025). This reduces reliance
on long prompts, but requires training and storing
document-specific parameters. Dynamic Paramet-
ric RAG (DyPRAG) reduces this cost by learning
a lightweight parameter translator that maps doc-
ument representations into LoRA-style updates at
test time (Tan et al., 2025). Relatedly, GenPoE con-
structs passage-conditioned experts and combines
them for knowledge enhancement, highlighting the
importance of multi-passage composition in param-
eter space (Liu et al., 2025). Generative Adapter,
inspired by hypernetworks and fast weights, pro-
vides a more general context-to-parameter frame-
work by generating low-rank adapters from second-
order statistics over context hidden states (Ha et al.,
2016; Ba et al., 2016; Schlag et al., 2021; Chen
et al., 2025).

These methods demonstrate that external text
can be converted into parameter-space updates, but
they leave a retrieval-specific composition problem
largely open: when multiple passages are retrieved
for a query, the final update should depend not only
on the documents themselves, but also on which
passages are relevant, redundant, or distracting for
the current query. Doc2Weight directly targets
this gap by constructing passage-level signatures
and composing them through query-conditioned
weight-space fusion.

Doc2Weight is also related to parameter-efficient
adaptation (Houlsby et al., 2019; Hu et al., 2022)
and modular composition methods that combine
learned updates in weight space (Pfeiffer et al.,
2021; Ilharco et al., 2023). Unlike task- or domain-
level composition, Doc2Weight performs instance-
level composition over retrieved passages, produc-
ing a single query-conditioned update per input.

3 Method

3.1 Overview

Given a query q and a set of retrieved passages
D(q) = {di}Ki=1, our goal is to generate an an-
swer token sequence y = (y1, . . . , yTy). Stan-
dard in-context RAG conditions the model on re-
trieved passages by appending them to the tex-
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Figure 2: Overview of our method. At the first step, a shared frozen LLM encodes both the retrieved passages
and the query into compact signatures. Next, query-conditioned relevance weights are computed over the passage
signatures and used to fuse them into a single signature. Finally, the fused signature is mapped to a low-rank adapter
injected into the frozen LLM, which generates from the query alone; retrieval influences generation only through
the parameter-space adapter.

tual prompt. Doc2Weight instead keeps the tex-
tual prompt query-only and uses the retrieved pas-
sages to generate a temporary parameter update for
the current input. That is, the update is instance-
specific: it is constructed on the fly from the current
query and retrieved passages, and does not modify
the frozen backbone permanently.

Formally, given a frozen language model pθ,
Doc2Weight constructs a query-conditioned update
∆Φ(q,D) and generates from

y ∼ pθ+∆Φ(q,D)(· | q), (3)

where Φ denotes the trainable parameters used to
generate the update.

As shown in Figure 2, Doc2Weight constructs
∆Φ(q,D) in three stages. First, each retrieved pas-
sage is encoded by the frozen backbone, and its
token-level hidden states are summarized into a
compact second-order matrix representation, which
we call a passage signature. Second, the query and
passage signatures are jointly refined to compute
query-conditioned fusion weights over the retrieved
passages, determining which passages should con-
tribute more strongly for the current query. Third,
the fused signature is mapped into LoRA-style low-
rank updates and injected into selected linear pro-
jections of the frozen model.

At generation time, the model receives only the
query tokens as textual input, while retrieved pas-
sages influence generation through the constructed
update ∆Φ(q,D).

3.2 Passage-to-Signature Encoding

The first stage converts each retrieved passage
into a compact descriptor used for fusion and
weight generation. Motivated by Generative
Adapter (Chen et al., 2025), Doc2Weight repre-
sents a passage through token-level hidden-state
statistics rather than a single document embedding
(Tan et al., 2025). This allows the representation
to aggregate information across all passage tokens
while remaining compact enough to be mapped
into low-rank parameter updates. We refer to the
resulting normalized Gram-based descriptor as a
passage signature.

Hidden-state features. For each retrieved pas-
sage di, we encode the passage with the frozen
backbone language model and obtain token-level
hidden states

Hi ∈ RNi×d, (4)

where Ni is the number of tokens in passage di and
d is the hidden size.
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Gram matrix summary. We project the hidden
states into a low-dimensional rank space using a
trainable projection matrix R ∈ Rd×r, while keep-
ing the backbone encoder frozen:

Ui = HiR ∈ RNi×r. (5)

We then compute a length-normalized Gram ma-
trix:

Gi =
1

Ni
U⊤

i Ui ∈ Rr×r. (6)

This Gram matrix is the second-order statistic used
by Doc2Weight: it summarizes average feature co-
activation patterns across passage tokens, rather
than only first-order information such as a pooled
hidden vector. The normalization by Ni makes the
summary less sensitive to passage length.

Normalization and passage signature. Because
Gram matrices can vary substantially in scale, we
normalize Gi before using it for fusion and weight
generation. We first apply a regularized whitening
transform and then use SVD-based normalization
for scale stabilization:

Ḡi = (Gi + εI)−1/2Gi

(Gi + εI)−1/2,

Si = svdnorm(Ḡi).

(7)

Here, svdnorm(·) denotes SVD-based normaliza-
tion that removes singular-value magnitudes while
preserving the singular-vector orientation. We use
Si ∈ Rr×r as the matrix-form passage signature.

We also define its vectorized form by flattening
all entries of Si in a fixed order:

si = norm(vec(Si)) . (8)

Here, vec(·) denotes full-matrix vectorization and
norm(·) denotes ℓ2 normalization. Thus, each
passage is represented by a matrix-form signature
Si ∈ Rr×r and a vector-form signature si ∈ Rr2 .

3.3 Query-Conditioned Signature Fusion
The second stage determines how retrieved pas-
sages contribute to the final update. Since the use-
fulness of a passage depends on the input query,
retrieved passages should not contribute uniformly.
Doc2Weight therefore computes query-conditioned
fusion weights over passage signatures, allowing
the model to emphasize relevant passages while
reducing the influence of redundant or distracting
ones.

We encode the query using the same signature
construction procedure as in Section 3.2, obtaining
a query signature sq. We then initialize a sequence
containing the query and passage signatures, where
D = r2:

Z = [sq; s1; . . . ; sK ] ∈ R(K+1)×D. (9)

To model query–passage relevance together with
interactions among retrieved passages, we apply
a single parameter-free self-attention-style refine-
ment over the signatures:

A = softmaxrow

(
ZZ⊤
√
D τa

)
,

Z̃ = LN
(
1
2Z+ 1

2AZ
)
,

(10)

where τa is a temperature parameter and LN de-
notes layer normalization. Because refinement
is performed over the joint set of query and pas-
sage signatures, it captures both query–passage
relevance and passage–passage interactions. After
refinement, let z̃q denote the refined query repre-
sentation and z̃i denote the refined representation
of passage di. We compute passage scores and
normalize them into fusion weights:

ai =
z̃q · z̃i√
Dτ

, wi =
exp(ai)∑K
j=1 exp(aj)

. (11)

The final weights are therefore query-conditioned,
but they are computed from passage representa-
tions that have already interacted with the other
retrieved passages, allowing the weights to reflect
redundancy and complementarity among evidence.

The final query-conditioned signature is ob-
tained by fusing the matrix signatures in rank
space:

Smix =
K∑

i=1

wiSi ∈ Rr×r. (12)

The resulting Smix serves as a compact summary
of the retrieved evidence, weighted according to its
relevance to the current query.

3.4 Signature-to-Weight Generation

The fused signature is not itself an adapter; it
is a retrieval-dependent descriptor from which
Doc2Weight generates LoRA-style weight updates.
This stage converts the query-conditioned evidence
summary into parameter updates compatible with
the frozen backbone.
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Let M denote the set of target linear modules.
For each module m ∈ M with frozen weight ma-
trix Wm, let ℓ(m) denote its layer. Doc2Weight
generates a low-rank factor from the fused signa-
ture:

Bℓ(m) = SmixCℓ(m), (13)

where Cℓ(m) is a learned matrix shared across in-
stances and chosen to match the input dimension
of module m. The module update is then formed
as

∆Wm = AmBℓ(m), (14)

where Am is a learned module-specific matrix.
This yields a LoRA-style low-rank update for each
selected module while keeping the backbone pa-
rameters fixed.

Overall, the update injected into the backbone is

∆Φ(q,D) = {∆Wm}m∈M. (15)

3.5 Training Objective
Doc2Weight keeps the pretrained backbone frozen
and trains only the lightweight parameters used to
construct instance-specific updates. The trainable
parameters are

Φ = {R} ∪ {Am}m∈M ∪ {Cℓ}Lℓ=1, (16)

where R is the trainable projection parameter in-
troduced in Section 3.2, and Am and Cℓ are the
low-rank update-generation parameters introduced
in Section 3.4.

Query-only training. During training, the tex-
tual input contains only the query. Retrieved pas-
sages are used to construct the parameter update
∆Φ(q,D), but are not appended to the prompt. We
optimize the negative log-likelihood over answer
tokens:

LCE = −
∑

t∈Ta
log pθ+∆Φ(q,D)(yt | y<t, q), (17)

where Ta denotes the answer-token positions.

Regularization. To stabilize update generation,
we add two KL-based regularizers. LKD distills
from an in-context teacher that observes both the
query and retrieved passages, while Lprior regular-
izes the adapted model toward the frozen backbone
under the same query-only prompt. The full objec-
tive is

L = LCE+λDLKD+λPLprior+λ2∥Φ∥22. (18)

4 Experiments

4.1 Experimental Setup

Benchmarks and baselines. To ensure a fair
comparison with prior in-weights RAG methods,
we follow the experimental setup of DyPRAG (Tan
et al., 2025), including its evaluation benchmarks,
retrieved passages, and decoding protocol. We
evaluate on four open-domain and multi-hop QA
benchmarks: 2WikiMultihopQA (2WQA), Hot-
potQA (HQA), PopQA (PQA), and ComplexWe-
bQuestions (CWQ) (Ho et al., 2020; Yang et al.,
2018; Mallen et al., 2023; Talmor and Berant, 2018;
Tan et al., 2025), using three instruction-tuned
backbones of different scales: LLAMA-3.2-1B,
QWEN2.5-1.5B, and LLAMA-3-8B. We compare
Doc2Weight against Vanilla (no retrieval), Stan-
dard RAG (Lewis et al., 2020), and two recent
in-weights RAG baselines, PRAG (Su et al., 2025)
and DyPRAG (Tan et al., 2025). Under the same
prompt format, all retrieval-augmented methods re-
ceive identical retrieved passages, so performance
differences mainly reflect how retrieved evidence is
incorporated. Among these, PRAG and DyPRAG
train lightweight parameters comparable to ours,
providing the training-matched comparison; the
gain over Standard RAG, which uses the off-the-
shelf backbone, is a system-level comparison rather
than one under the same amount of task-specific
training. Implementation details are provided in
Appendix §A.

Evaluation. We evaluate Doc2Weight under two
prompting settings: (1) query-only, our primary
setting, where the textual prompt contains only the
question and retrieved passages are used solely to
construct the instance-specific update, directly re-
flecting the goal of augmenting generation without
expanding the prompt; and (2) In-context, where
the same passages are additionally concatenated
into the prompt, which follows prior in-weights
RAG work and tests whether weight-space adapta-
tion complements explicit in-context evidence.

4.2 Main Results

Table 1 reports F1 for the query-only and in-context
settings, with the macro-averaged F1 in the Avg
column. Among the compared methods, Vanilla
and Standard RAG use the off-the-shelf instruction-
tuned backbone, whereas PRAG, DyPRAG, and
Doc2Weight learn parameters that convert retrieved
passages into weight updates. Within this setup,
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Table 1: Main results across three backbones (F1). Scores marked † are taken from Tan et al. (2025), and Avg is
recomputed as the macro-average of the four dataset Total scores for all methods. Per base model and column, the
best result is in bold and the second-best is underlined.

Base LLM Prompt Mode Method
2WQA HQA

PQA CWQ Avg
Compare Bridge Infer. Compos. Total Bridge Compare Total

LLaMA-3.2-1B

Query-only

Vanilla† 42.89 24.17 16.91 7.87 22.52 13.25 40.26 18.79 2.26 34.94 19.63
PRAG† 50.20 24.34 19.11 8.24 27.73 13.65 40.90 21.50 23.58 35.86 27.17
DyPRAG† 51.25 48.15 17.35 7.54 25.31 14.05 43.90 19.97 11.33 36.86 23.37
Doc2Weight 57.74 51.67 26.24 13.39 37.26 12.02 39.12 25.57 14.15 42.76 29.93

In-context

Standard RAG† 41.23 26.78 22.51 10.21 23.12 21.38 42.46 27.14 17.65 37.39 26.33
PRAG† 40.50 31.30 22.85 9.77 30.30 22.56 41.55 28.31 32.59 39.63 32.71
DyPRAG† 52.13 46.19 22.54 12.60 29.18 22.05 43.78 26.58 29.93 38.96 31.16
Doc2Weight 50.52 48.69 30.53 15.16 36.23 29.42 47.94 38.68 35.06 42.76 38.18

Qwen2.5-1.5B

Query-only

Vanilla† 45.74 39.06 17.04 7.27 26.87 12.18 39.46 17.76 2.87 26.47 18.99
PRAG† 44.96 43.96 19.29 11.14 27.55 13.27 40.42 18.42 21.55 30.82 24.58
DyPRAG† 43.03 47.20 17.04 8.55 26.46 13.72 41.39 19.67 6.64 31.94 21.18
Doc2Weight 52.97 44.67 23.67 10.93 33.06 16.04 44.68 30.36 10.70 39.48 28.40

In-context

Standard RAG† 38.75 38.84 11.87 5.68 24.31 16.19 37.13 20.73 9.97 28.23 20.81
PRAG† 40.50 44.00 16.30 8.17 27.49 18.86 36.49 23.10 23.43 32.13 26.54
DyPRAG† 35.83 44.89 14.81 8.64 25.18 21.56 41.25 27.57 22.69 33.57 27.25
Doc2Weight 55.66 41.15 30.62 14.68 35.53 31.33 39.61 35.47 36.99 41.52 37.38

LLaMA-3-8B

Query-only

Vanilla† 54.90 55.20 24.59 14.43 33.02 19.00 45.63 21.29 7.96 42.44 26.18
PRAG† 57.78 58.93 27.61 19.17 39.19 33.68 65.88 38.08 26.13 43.54 36.74
DyPRAG† 57.39 56.43 25.33 18.88 37.80 24.85 58.59 28.56 13.60 41.87 30.46
Doc2Weight 58.61 53.85 29.15 16.57 39.55 25.17 53.61 39.39 27.38 51.66 39.50

In-context

Standard RAG† 58.43 47.77 19.20 11.07 34.55 19.68 42.10 24.23 16.13 35.45 27.59
PRAG† 60.13 56.69 32.71 20.91 40.55 39.41 68.22 44.84 26.23 36.41 37.01
DyPRAG† 66.00 59.46 35.78 26.90 50.24 33.37 57.93 38.35 32.86 39.07 40.13
Doc2Weight 64.02 54.72 39.87 22.13 45.19 39.41 61.73 50.57 28.07 46.29 42.53

Doc2Weight obtains the best average F1 for every
backbone in both settings.

In the query-only setting, our primary setting,
Doc2Weight achieves higher average F1 than
the prior in-weights RAG methods (PRAG and
DyPRAG), which are trained under the same pro-
tocol but do not condition the generated update
on the query. This isolates the contribution of
query-conditioned weighting: emphasizing query-
relevant passages, rather than composing evidence
in a query-agnostic way, yields better use of the re-
trieved set. Doc2Weight also improves over Vanilla
across all backbones, showing that retrieved evi-
dence can be integrated through weight-space adap-
tation alone, without placing any passages in the
prompt.

A second observation concerns the in-context
setting, where every method additionally reads the
retrieved passages from the prompt: applying an
in-weights update on top improves all in-weights
methods, and Doc2Weight again achieves the best
result. Since Doc2Weight and Standard RAG re-
ceive identical passages here, this gain shows that
the retrieval-conditioned update is not redundant

with the in-context evidence but provides a comple-
mentary signal, indicating that in-weights adapta-
tion remains beneficial even when retrieval is also
used in context. These improvements hold from the
1–1.5B models to LLAMA3-8B, suggesting that the
benefit of weight-space retrieval augmentation is
not tied to a particular model scale.

Beyond this setting, we further probe long-form
(ELI5) and out-of-distribution QA (PubMedQA,
SciQ) in Appendix §B.

5 Analysis

We analyze Doc2Weight along four axes: query-
conditioned passage weighting, retrieval-depth ro-
bustness, prediction-level behavior against the base-
lines, and inference-time efficiency. Additional
component ablations on the passage-signature
form, LoRA rank, and SVD normalization are re-
ported in Appendix §C.

5.1 Effect of Query-Conditioned Passage
Weighting

Doc2Weight computes passage weights from both
the query and the retrieved passage signatures. To
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Table 2: Query-conditioning ablation (F1). Avg is the
macro-average over the four datasets.

Variant 2WQA HQA PQA CWQ Avg

LLaMA-3.2-1B
Doc2Weight (full) 37.26 25.57 14.15 42.76 29.93
− query (uniform) 34.93 15.81 13.21 40.87 26.21
− query (doc-centrality) 33.51 16.58 13.49 40.93 26.13

Qwen2.5-1.5B
Doc2Weight (full) 33.06 30.36 10.70 39.48 28.40
− query (uniform) 31.59 20.44 11.76 41.33 26.28
− query (doc-centrality) 31.54 20.71 11.26 41.61 26.28

LLaMA-3-8B
Doc2Weight (full) 39.55 39.39 27.38 51.66 39.50
− query (uniform) 37.00 30.43 26.69 52.55 36.67
− query (doc-centrality) 37.76 30.54 26.60 51.96 36.72
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Figure 3: Effect of retrieval depth (top-k) on CWQ.

isolate the role of query conditioning, we evaluate
two query-agnostic variants that remove the query
from the fusion module of Section 3.3. The uniform
variant ignores the fused weights entirely and av-
erages all passage signatures, Smix = 1

K

∑K
i=1 Si.

The doc-centrality variant instead drops the query
signature sq from the fusion sequence in Eq. (9),
so the weights are computed only from interac-
tions among the retrieved passages; this still yields
non-uniform weights, but they reflect passage-to-
passage similarity rather than relevance to the
query.

Table 2 shows that both variants underperform
Doc2Weight across all backbones, indicating that
the gains stem neither from merely compress-
ing passages into a single adapter nor from non-
uniform weighting alone—the query is what de-
termines which evidence should shape the in-
jected update. The effect is most pronounced on
HQA, where the useful evidence often depends on
question-specific relations between passages.

5.2 Robustness to Retrieval Depth

We sweep top-k ∈ {1, 2, 4, 8, 16} on CWQ us-
ing a BM25 retrieval pipeline implemented with
Elasticsearch, following the DyPRAG retrieval

Table 3: Prediction-level transitions between each base-
line and Doc2Weight (Ours) on CWQ. Ours ✓: only
Doc2Weight correct; Base. ✓: only the baseline correct.

Baseline Both ✓ Ours ✓ Base. ✓ Both ✗

LLaMA-3.2-1B
Vanilla 52 (17%) 55 (18%) 20 (7%) 173 (58%)
Std. RAG 50 (17%) 57 (19%) 26 (9%) 167 (56%)
Qwen2.5-1.5B
Vanilla 50 (17%) 55 (18%) 4 (1%) 191 (64%)
Std. RAG 42 (14%) 63 (21%) 13 (4%) 182 (61%)
LLaMA-3-8B
Vanilla 81 (27%) 65 (22%) 10 (3%) 144 (48%)
Std. RAG 67 (22%) 79 (26%) 9 (3%) 145 (48%)

Table 4: EM conditioned on gold-answer presence in
the retrieved passages (LLaMA-3-8B).

Gold in passages? Vanilla Std. RAG Doc2Weight

Yes (n=123) 47.2 48.0 66.7
No (n=177) 18.6 9.6 36.2

setup. Figure 3 compares Standard RAG, query-
only Doc2Weight, and Doc2Weight with in-context
evidence.

Query-only Doc2Weight stays nearly flat across
depths (around 40 F1), indicating that its retrieval-
conditioned update absorbs evidence from multiple
passages without exposing the generator to a longer,
noisier prompt. Standard RAG instead degrades
as more passages are appended—improving from
top-1 to top-2 but declining steadily thereafter—
showing that simply adding textual evidence can
hurt generation once redundant or distracting pas-
sages enter the prompt. In-context Doc2Weight is
the strongest configuration at every depth and re-
mains above both alternatives even at top-16. Since
it accesses the same passages as Standard RAG but
adds the fused weight-space update, this confirms
that parameter-space adaptation is complementary
to in-context retrieval and helps the model toler-
ate larger retrieval depths. We read this sweep as
an aggregate noise-robustness result: increasing k
floods the retrieved set with largely irrelevant pas-
sages, which derails in-context reading but leaves
the weight-space update intact; Section 5.3 exam-
ines the same phenomenon at the level of individual
predictions.

5.3 Prediction-Level Analysis

To understand where the aggregate gains come
from, we randomly sample 300 CWQ test examples
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per backbone and categorize each by the correct-
ness (EM) of Vanilla, Standard RAG, and query-
only Doc2Weight (Table 3). Across all backbones,
Doc2Weight recovers 22.4–31.1% of Vanilla’s er-
rors, confirming that the update genuinely transmits
passage content absent from parametric knowledge.
Against Standard RAG, which receives the same
passages in its prompt, it recovers 25.4–35.3% of
the errors while conceding 2.2–8.8× fewer in re-
turn (79 vs. 9 on LLaMA-3-8B).

Manually inspecting all Doc2Weight errors (the
Base. ✓ and Both ✗ cases in Table 3; 542 in to-
tal) reveals that 70.5% are inherited retrieval fail-
ures: the gold answer appears in no retrieved pas-
sage, and Standard RAG solves almost none of
these either. Table 4 conditions accuracy on gold
presence. When the answer is retrievable, the up-
date transmits it more effectively than in-context
reading (66.7 vs. 48.0 EM); when it is not, Stan-
dard RAG falls below the no-retrieval baseline
(9.6 vs. 18.6) whereas Doc2Weight degrades most
gracefully (36.2), with the same ordering on the
other backbones. This regime also drives most of
Doc2Weight’s wins: in 53% of its exclusive wins
the gold answer is absent, and many of these are
questions the backbone answers correctly without
retrieval (28 of 64 at 8B)—answerless-but-related
context destroys knowledge the backbone itself
possesses, while the weight-space update leaves it
intact, mirroring Section 5.2 at the instance level.

The remaining errors are dominated by near-
miss entity substitutions—the update preserves the
topical domain but can lose the exact entity binding
that verbatim text retains (e.g., the city Giza for the
country Egypt). Representative cases are shown in
Table 11 in the appendix.

5.4 Inference-Time Efficiency
Doc2Weight generates from a query-only prompt,
whereas the prompt of Standard RAG grows with
the retrieved set. We measure generation through-
put on 1,000 questions pooled from the four evalua-
tion benchmarks (Table 1) and NQ, which is added
to reflect realistic retrieved-document lengths; the
generation length is fixed so that no method ben-
efits from earlier stopping. As Table 5 shows, the
generation prompt shrinks from roughly 1.4K to-
kens to fewer than 70, a ∼20× reduction that pro-
portionally lowers the memory and KV-cache foot-
print of generation.

Recall that document signatures depend only
on the passage (Eq. (7)), so they can be precom-

Table 5: Generation throughput (tok/s) and mean prompt
length (tokens). +sig. cache precomputes document
signatures at indexing time.

Prompt len. Throughput (tok/s)

Backbone Std. RAG Ours Vanilla Std. RAG Ours Ours+sig. cache

LLaMA-3.2-1B 1,364 69 86.5 76.5 68.0 76.0
Qwen2.5-1.5B 1,371 63 52.9 47.5 42.0 46.7
LLaMA-3-8B 1,353 44 37.4 29.6 26.4 29.9

puted and cached at indexing time, just as pas-
sage embeddings are cached in retrieval systems.
We therefore report throughput without and with
this cache. Without caching, Doc2Weight runs
about 11% below Standard RAG, since every re-
quest constructs the update from scratch; the short
prompt partially offsets this cost, as decoding it-
self is faster than Standard RAG’s long-prompt
prefill (855 vs. 1,073 ms per request at 8B). With
the signature cache, Doc2Weight matches Stan-
dard RAG (within ±1.7%) and surpasses it at 8B
(+1.1%). The prompt-side savings thus come at
no throughput cost under realistic caching, and the
relative benefit grows with backbone size as the
prefill cost of Standard RAG increases. Caching
the fused adapter as well brings Doc2Weight within
0.1–3.0% of Vanilla generation, an idealized up-
per bound. These results assume a warm cache;
the measurement protocol, per-module cost break-
down, and cache storage and break-even analyses
are provided in Appendix §D, and a system-level
study under batching and serving engines remains
future work.

6 Conclusion

We presented Doc2Weight, an in-weights retrieval-
augmented generation framework that composes
multiple retrieved passages into a single query-
conditioned low-rank update, so that each passage
contributes according to its relevance to the current
query and retrieval augmentation requires no ex-
pansion of the inference-time prompt. Across three
instruction-tuned backbones and four QA bench-
marks, Doc2Weight achieves the best average F1
over standard in-context RAG and prior in-weights
RAG baselines, in both the query-only and in-
context settings. Our analysis attributes these gains
to query-conditioned fusion, and further shows
that Doc2Weight stays robust as retrieval depth
increases while sharply reducing prompt length, at
no throughput cost once document signatures are
cached.

15665



Limitations

Doc2Weight summarizes each retrieved passage
into a compact second-order signature and fuses
these into a single low-rank update. This com-
pression is what removes the passages from the
prompt, but it can discard fine-grained token- or
sentence-level information, so Doc2Weight may
be less suitable than in-context RAG for tasks re-
quiring precise evidence attribution, citation, or
span-level reasoning, where the full evidence text
must stay visible. This limitation is reflected empir-
ically in our prediction-level analysis (Section 5.3):
the characteristic failure mode of the compressed
update is a near-miss entity substitution, preserving
the topical domain of the evidence while losing the
exact entity binding that verbatim text retains.

Accordingly, our evaluation centers on multi-
passage short-form QA with EM/F1 metrics. Pi-
lot studies on long-form QA (ELI5) and out-
of-distribution QA (Appendices §B.1 and §B.2)
suggest the approach extends further, but they
are small-scale; behavior on broader long-form
or citation-heavy generation—and on out-of-
distribution retrieval, where irrelevant passages can-
not be filtered as in the prompt—remains insuffi-
ciently characterized.

Unlike in-context RAG, which applies to any off-
the-shelf model, Doc2Weight trains the lightweight
parameters that map passages to weight updates.
Following the PEFT-style setting, these are learned
per backbone while the backbone stays frozen, so
the converter must be retrained for a new archi-
tecture, and its scalability to larger same-family
models remains uncharacterized; a fully training-
free variant is left to future work. Applying an
instance-specific update per query is also not na-
tively supported by serving engines (e.g., vLLM)
optimized for static adapters, so efficient on-the-fly
injection is an additional engineering requirement.

Finally, weight-space injection is not free at in-
ference: without caching, constructing and apply-
ing the per-query update lowers throughput relative
to in-context RAG (Section 5.4). Precomputing
document signatures closes this gap under a warm
cache, but the realized benefit depends on docu-
ment reuse in the serving workload, and a precise
accounting would require evaluation under realis-
tic serving conditions, where latency and memory
further depend on retrieval, batching, KV-cache
behavior, hardware, and the serving engine.
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Table 6: Default training hyperparameters; sweepable
values are marked.

Hyperparameter Value

Optimization
Optimizer AdamW
Learning rate 2× 10−4

LR schedule Cosine

Batching
Effective batch size 16
Max sequence length 2048
Mixed precision BF16

Adapter
LoRA rank r 16 (sweepable)
Target modules FFN projections

Retrieval
Max passages k 4 (sweepable)
Max passage length 1024 tokens

A Implementation Details

Unless otherwise noted, all experiments follow the
DyPRAG setup, reusing its retrieved passages, eval-
uation splits, and decoding settings.

Hardware and training data. All experiments
run on a single machine with 8 NVIDIA RTX
A6000 GPUs. Models are trained on the DyPRAG-
augmented QA data; the original QA pairs are not
used for training. Each training instance consists of
an augmented question, its answer, and one or more
associated retrieved passages, including DyPRAG-
provided rewritten passages where available.

Evaluation setup. Evaluation uses the original
benchmark test examples, which are disjoint from
the augmented training data. We report Exact
Match (EM) and F1 with SQuAD-style normal-
ization, taking the best score over all acceptable
gold answers.

Base models and optimization. We use
instruction-tuned backbones from the LLaMA-3
/ LLaMA-3.2 and Qwen2.5 families, keeping all
backbone parameters frozen and optimizing only
the lightweight Doc2Weight parameters (Eq. 16).
We train with AdamW, a cosine learning-rate
schedule, and mixed precision. Since the backbone
is already instruction-tuned and we train only a
small converter on a modestly sized augmented set,
a single epoch is sufficient; longer training tends to
overfit in this setting. Default hyperparameters and
the values we sweep are listed in Table 6.

Evaluation prompt

You should answer the question by referring to the knowl-
edge provided below and integrating your own knowledge.
{passages}
Question: {question}

Figure 4: Evaluation prompt template, identical across
both settings. In the in-context setting, {passages}
is filled with the retrieved passages; in the query-only
setting, it is the empty string, so no passages appear in
the input.

Prompt templates. We use the DyPRAG-style
single-turn chat format for both training and evalu-
ation, with the standard causal-LM loss computed
over assistant tokens only. The two prompt modes
differ only in whether retrieved passages appear in
the textual input: the query-only mode keeps the
prompt to the instruction and question, while the
in-context mode additionally concatenates the re-
trieved passages. In both modes, Doc2Weight uses
the same retrieved passages to construct the weight
update; query-only thus tests whether retrieval can
be injected through parameter space without expos-
ing the passages as input tokens. The templates are
shown in Figure 4.

B Extended Evaluation

We include two pilot studies that probe how
Doc2Weight behaves beyond its main setting of
short-form, in-domain QA. Both target the two
assumptions built into the method—that compact
second-order signatures retain enough information,
and that a converter trained on a fixed distribution
still transfers: long-form generation (ELI5) stresses
the first, and out-of-distribution QA (PubMedQA,
SciQ) stress the second. Both use small evaluation
splits and are meant as pilot probes rather than full
benchmarks.

B.1 Long-form QA
Compressing passages into compact parameter-
space signatures may discard fine-grained details
that matter for long-form generation, so we run
a pilot evaluation on ELI5. Rather than training
from scratch, we take the Doc2Weight model from
the main experiments and lightly adapt it to ELI5
(450 examples, one epoch), evaluating on 50 held-
out examples with F1 and ROUGE-L under both
prompting settings.

As shown in Table 7, Doc2Weight improves
ROUGE-L over the corresponding baseline in all
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Table 7: Long-form QA results on ELI5.

Method F1 ROUGE-L

LLaMA-3.2-1B
Vanilla 15.68 15.38
Standard RAG 15.28 13.95
Doc2Weight (Query-only) 15.21 16.23
Doc2Weight (In-context) 15.46 16.12
Qwen2.5-1.5B
Vanilla 15.50 13.22
Standard RAG 15.36 13.60
Doc2Weight (Query-only) 19.14 16.07
Doc2Weight (In-context) 15.44 14.63
LLaMA-3-8B
Vanilla 16.30 15.15
Standard RAG 15.40 14.38
Doc2Weight (Query-only) 19.11 17.48
Doc2Weight (In-context) 18.25 16.40

Table 8: Out-of-distribution QA results (F1). Avg is the
macro-average over PubMedQA and SciQ.

Method PubMedQA SciQ Avg

LLaMA-3.2-1B
Vanilla 37.00 24.40 30.70
Standard RAG 58.40 54.81 56.61
Doc2Weight (Query-only) 56.20 36.16 46.18
Doc2Weight (In-context) 57.00 77.87 67.44
Qwen2.5-1.5B
Vanilla 53.60 32.60 43.10
Standard RAG 57.60 68.57 63.08
Doc2Weight (Query-only) 56.00 47.22 51.61
Doc2Weight (In-context) 56.00 80.70 68.35
LLaMA-3-8B
Vanilla 58.80 56.88 57.84
Standard RAG 73.20 82.70 77.95
Doc2Weight (Query-only) 61.00 54.56 57.78
Doc2Weight (In-context) 72.40 82.81 77.61

settings, and F1 in all but one (the only drop is a
small F1 decrease for LLaMA-3.2-1B in the query-
only setting, where ROUGE-L still improves). The
consistent ROUGE-L gains suggest that retrieval-
conditioned updates can improve long-form lexi-
cal coverage even when passages are compressed
into parameter space, while the isolated F1 drop
hints at a trade-off: compression may favor broader
coverage over exact short-answer overlap. With
only light adaptation to a small ELI5 split, we read
these as preliminary evidence that Doc2Weight can
extend to long-form generation, pending a larger-
scale evaluation.

B.2 Out-of-Distribution QA

Because the update generator is trained on a fixed,
general-domain distribution, a natural question is

whether it still injects useful signal when the re-
trieved evidence comes from a domain unseen dur-
ing training. We test this on two out-of- distribu-
tion QA datasets, PubMedQA and SciQ, evaluating
without any domain-specific training (Table 8).

The first observation is that Doc2Weight im-
proves over the closed-book Vanilla model in es-
sentially every case, under both prompting settings.
Since the only difference from Vanilla is the in-
jected retrieval-conditioned update, this confirms
that the update actually transmits content from
the retrieved passages into generation, rather than
collapsing under distribution shift. In the query-
only comparison, where no passages enter the
prompt, Doc2Weight improves over Vanilla (e.g.,
PubMedQA 37.0 → 56.2 and SciQ 24.4 → 36.2
on LLaMA-3.2-1B) but stays below Standard RAG,
since the update is then the only channel through
which the domain evidence reaches the model.

Combining both channels is the most reli-
able configuration. In the in-context setting,
Doc2Weight reads the same passages as Standard
RAG and additionally injects the weight-space up-
date; on average it surpasses Standard RAG on
the two smaller backbones (e.g., 56.6 → 67.4 on
LLaMA-3.2-1B) and is comparable on LLaMA-3-
8B. The behavior is asymmetric across datasets:
the update yields a large gain on SciQ (up to
54.8 → 77.9) and stays close to Standard RAG
on PubMedQA, so the prompt evidence provides
a stable floor while the update adds a sizable com-
plement when it aligns with the domain.

Notably, this robustness holds even though the
update generator is trained only on short-form,
general-domain QA, which suggests that train-
ing on more diverse domains and larger data is
a promising direction for further strengthening out-
of-distribution performance.

C Component Ablations

We ablate three design choices of Doc2Weight—
the form of the passage signature, the LoRA rank
of the injected update, and SVD-based signature
normalization—on LLaMA-3.2-1B, varying only
the ablated factor and holding all other settings
fixed within each study. We evaluate on the same
test sets as the main experiments and report macro-
averaged scores over the four QA benchmarks, un-
der both the query-only and in-context settings.
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Table 9: Signature form ablation.

Prompt Mode Signature F1

Query-only
Last-hidden (DyPRAG-style) 26.90
Mean-pool (GenPoE-style) 26.90
Second-order (ours) 27.40

In-context
Last-hidden (DyPRAG-style) 35.96
Mean-pool (GenPoE-style) 35.70
Second-order (ours) 36.79

C.1 Signature Form

As described in Section 3.2, our passage signa-
ture is a second-order summary: starting from the
token-level hidden states Hi (Eq. 4), Doc2Weight
forms a Gram matrix (Eq. 6) that retains token-
level co-activation structure. While Generative
Adapter (Chen et al., 2025) has shown second-order
statistics to be effective for context-to-parameter
mapping, we verify that this choice also benefits
our retrieval-fusion setting rather than assuming
it. We compare against two first-order alternatives
that replace the Gram-based signature with a single
vector summarizing each passage:

smean
i =

1

Ni

Ni∑

t=1

Hi[t, :],

slast
i = Hi[Ni, :].

(19)

Unlike our second-order signature, these variants
use the first-order vector directly, without the Gram
construction or its subsequent normalization. The
mean-pool variant smean

i mirrors the mean-pooled
passage representation used in GenPoE (Liu et al.,
2025), while the last-hidden variant slast

i corre-
sponds to the compressed final-token representa-
tion used in DyPRAG (Tan et al., 2025).

As shown in Table 9, the second-order signature
attains the best macro-averaged F1 in both prompt-
ing settings, indicating that retaining token-level
co-activation structure, rather than collapsing each
passage into a single first-order vector, benefits
weight-space fusion.

C.2 LoRA Rank

We vary the rank r ∈ {2, 4, 8, 16} of the retrieval-
conditioned update (Figure 5). Performance satu-
rates early: F1 rises from rank 2 to rank 4 and is
then essentially flat through rank 16 in both settings
(within about 0.5 F1 of the best rank in each case).
This indicates that Doc2Weight does not depend
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Figure 5: Performance as the LoRA rank varies.
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Figure 6: Performance with and without SVD normal-
ization.

on large adapter capacity—a small rank around 4
already captures most of the benefit—so its effec-
tiveness stems more from query-conditioned fu-
sion and a stable signature-to-weight mapping than
from adapter size. A small rank thus offers a strong
efficiency–performance trade-off.

C.3 SVD Normalization

We compare enabling and disabling the SVD-based
normalization applied to each passage signature
(Figure 6). Normalization helps substantially in
both prompting settings, improving F1 from 18.0 to
27.3 in the query-only setting and from 23.2 to 32.5
in the in-context setting, with comparably large EM
gains. The improvement in the query-only setting
is particularly informative: since the update is then
the only channel carrying retrieved evidence, the
large gain shows that normalization improves the
quality of the parameter-space update itself, rather
than merely interacting with in-context evidence.
This is consistent with its role of removing scale
variation in the second-order signatures so that they
map to more stable low-rank updates.

D Throughput Measurement Details

We measure generation-side throughput on 1,000
questions sampled (seed 42) from a pool of the
four evaluation benchmarks (2WQA, HQA, PQA,
CWQ) and NQ; NQ is included to reflect realistic
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Table 10: Per-request cost breakdown (ms). Prep. is
the sum of the three adapter-preparation steps; caching
document signatures removes the Doc sig. cost, giving
the cached values. Total additionally includes decoding
and residual overhead.

Prep. Total

Method Doc sig. Fusion Delta full cached Decoding full cached

LLaMA-3.2-1B
Std. RAG — — — — — 410.2 418.5 —
Doc2Weight 49.6 12.3 28.3 90.2 40.7 379.8 470.7 421.3
Qwen2.5-1.5B
Std. RAG — — — — — 663.6 673.6 —
Doc2Weight 77.7 19.7 41.4 138.8 60.9 623.3 762.8 685.0
LLaMA-3-8B
Std. RAG — — — — — 1,073.1 1,081.6 —
Doc2Weight 144.2 32.7 181.2 358.1 214.0 855.2 1,213.9 1,069.9

retrieved-document lengths, with over-long inputs
truncated at 2,048 tokens. All methods use BF16,
batch size 1, greedy decoding, a fixed 32-token gen-
eration length, and CUDA synchronization; model
loading and retrieval time are excluded. The fixed
generation length removes the confound of meth-
ods stopping at different points, which makes these
numbers stricter than, and not directly compara-
ble to, throughput measured with natural stopping.
Cached and cache-free runs produce identical out-
puts (zero mismatches), so the measured differ-
ences reflect computation paths rather than output
changes.

Table 10 decomposes the per-request cost.
Adapter preparation grows with backbone size and
is not dominated by any single step, while decod-
ing from the query-only prompt stays below Stan-
dard RAG’s long-prompt decoding at every scale
(e.g., 855.2 vs. 1,073.1 ms at 8B). Doc2Weight
therefore overtakes Standard RAG whenever the
cached preparation cost falls below this decoding
gap, which occurs at 8B. The signature cache it-
self is lightweight: each entry takes about 0.02–
0.04 MiB, and building one costs the same as com-
puting the signature online (the Doc sig. column),
i.e., the cache simply moves this cost offline. Amor-
tizing the build cost, Doc2Weight overtakes Stan-
dard RAG at 8B once each signature is reused
roughly 13 times, while the smaller backbones re-
main within 2% of Standard RAG even fully warm.

Caching the fused adapter additionally removes
the per-query fusion and delta computation, bring-
ing throughput within 0.1–3.0% of query-only
Vanilla generation—i.e., the entire overhead of
Doc2Weight is attributable to cacheable adapter
preparation. However, this requires storing a full
adapter per query–passage combination (roughly

1–7 GiB per entry), so we report it only as an upper
bound rather than a practical configuration.
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Table 11: Representative cases from the prediction-level analysis in Section 5.3 (CWQ, LLaMA-3-8B). For each
case, we show the question, all retrieved passages (truncated with [. . . ]), whether a gold answer string appears in
the passages, the gold answer, and the outputs of the three methods; ✓/✗ denote correctness under exact match.
Green marks gold-answer evidence, and red (underline) marks the distracting entity that misleads the incorrect

prediction.

(a) Gold absent — parametric knowledge preserved.

Question What team won the FA Cup and the 1968 European Cup Final?
Passages [1] “The 1968 FA Cup Final [. . . ] was contested between West Bromwich Albion and Everton.

West Brom won 1–0 [. . . ]”
[2] “they won the FA Cup in 1967, but Jimmy Greaves was the only player [. . . ]”
[3] “The 1968–69 FA Cup was the 88th season [. . . ] Manchester City won the competition [. . . ]”

Gold in passages? No
Gold Manchester United

Vanilla Manchester United ✓

Std. RAG “ West Bromwich Albion . According to Passage 1 [. . . ]” ✗

Doc2Weight Manchester United ✓

(b) Gold absent — related passages destroy backbone knowledge.

Question What nation bordering Russia has a religious leader named Filaret?
Passages [1] “[. . . ] helping to push Russia into the modern [. . . ]”

[2] “Archbishop Filaret [. . . ] was the Russian Orthodox Bishop of Riga (1841–48), Archbishop of

Kharkov [. . . ]”
[3] “Ukrainian Orthodox Church (Moscow Patriarchate) recognized him as a saint [. . . ]”

Gold in passages? No
Gold Ukraine

Vanilla Ukraine ✓

Std. RAG “ Estonia . According to Passage 2 [. . . ]” ✗

Doc2Weight Ukraine ✓

(c) Gold present — evidence transmitted through the update.

Question What college did Bill Clinton attend that is in Eastern Time Zone?
Passages [1] “Timeline of the presidency of Bill Clinton [. . . ] at noon Eastern Standard Time [. . . ]”

[2] “Clinton was born and raised in Arkansas and attended Georgetown University ,

University College, Oxford , and [. . . ]”

[3] “The Eastern Time Zone (ET) is a time zone encompassing [. . . ]”
Gold in passages? Yes ([2])
Gold Georgetown University

Vanilla Georgetown University ✓

Std. RAG “ University College, Oxford .” ✗

Doc2Weight Georgetown University ✓
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Table 11: Representative cases, continued from the previous page.

(d) Gold present — entity binding lost under compression.

Question Where are the Giza Pyramids located that appointed Hosni Mubarak to a governmental position?
Passages [1] “Hosni Mubarak [. . . ] served as the fourth President of Egypt from 1981 [. . . ]”

[2] “and has two sons: Alaa, and Gamal [. . . ]”
[3] “The Giza pyramid complex is an archaeological site [. . . ] on the outskirts of Cairo, Egypt
[. . . ]”

Gold in passages? Yes ([1], [3])
Gold Egypt

Vanilla Egypt ✓
Std. RAG “9 km (5 mi) west of the Nile river at the old town of” ✗

Doc2Weight Giza ✗

(e) Question-echo failure.

Question Who invented the organization that has someone named William Clay Ford, Jr. in leadership?

Passages [1] “[. . . ] Mark Schulz (former head of Ford Motor Company’s international operations) [. . . ]”
[2] “ William Clay Ford Jr. [. . . ] is an American businessman, serving as executive chairman of

Ford Motor Company [. . . ]”
[3] “Ford was born in Detroit, Michigan, the great-grandson of Henry Ford [. . . ]”

Gold in passages? Yes ([3])
Gold Henry Ford

Vanilla Henry Ford ✓
Std. RAG Henry Ford ✓

Doc2Weight William Clay Ford ✗
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