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Abstract

Retrieval-augmented generation (RAG) ex-
tends the capabilities of large language models
(LLMs) by providing access to external knowl-
edge. However, traditional retrieval-augmented
LLMs rely on a silent reading paradigm that
processes all retrieved documents passively,
forcing them to reason without any interac-
tion with the documents. This paradigm con-
trasts sharply with human interactive reading
behavior, where external tools, such as book-
marks and notes, are used to offload cognitive
demands. This paper introduces BubbleRAG,
an enhanced RAG framework that emulates hu-
man interactive reading through annotation and
re-reading. Specifically, BubbleRAG utilizes
a lightweight thought bubble module that of-
floads LLM’s internal cognition into external
bookmark tokens, which are then annotated
back into the context. These bookmarks serve
as externalized memory, allowing the LLM to
revisit these annotations in subsequent reading
and answering. Notably, BubbleRAG is par-
ticularly suitable for low-resource scenarios,
as the LLM parameters remain frozen. Exten-
sive experiments confirm the effectiveness, ro-
bustness, and generalizability of BubbleRAG.
Our findings demonstrate that BubbleRAG en-
ables LLMs to achieve superior evidence iden-
tification abilities typically seen in retrievers,
while establishing a cognitive link between ex-
ternal and internal information during answer
generation. The source code is available at
https://github.com/yefd/BubbleRAG.

1 Introduction

Retrieval-augmented generation (RAG) enhances
large language models (LLMs) by integrating re-
trieval components, granting them access to rele-
vant external knowledge (Lewis et al., 2020; Guu
et al., 2020). By leveraging non-parametric, up-to-
date information, RAG allows LLMs to extend their
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Figure 1: Comparison between traditional RAG and
BubbleRAG. Top: RAG processes retrieved documents
in a silent reading paradigm. Bottom: BubbleRAG en-
ables interactive reading inspired by human cognitive
behavior, allowing the LLM to offload its internal cog-
nition into external bookmarks via a thought bubble.

knowledge boundaries without additional training.
The coordination between retrieval and generation
facilitates more accurate responses, particularly in
knowledge-intensive domains (Cai et al., 2024).

Specifically, RAG requires LLMs to answer
questions based on retrieved documents. In prevail-
ing implementations, all documents are appended
to the instruction and processed in a single forward
pass, without any interaction with the documents
themselves (Gao et al., 2023). While recent ef-
forts primarily focus on enhancing retrieval accu-
racy or generation capability (Zhu et al., 2025b),
these methods continue to inherit the silent reading
paradigm that constructs understanding internally.

However, such a silent reading paradigm of cur-
rent RAG constrains the full potential of LLMs.
First, LLMs face difficulty in effectively exploiting
additional knowledge. LLMs must filter noisy re-
sults and identify relevant passages in a global view.
However, positional bias and attention diffusion
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cause relevant evidence buried mid-context to be
eclipsed by irrelevant details. Consequently, LLMs
struggle to detect nuanced relationships among
documents and are susceptible to the “lost-in-the-
middle” issue (Zhu et al., 2024; Liu et al., 2023).
Secondly, LLMs are burdened with the memory
of reading processes. Retrieval-augmented LLMs
are required to process all retrieved documents si-
multaneously, while retaining all intermediate in-
formation in their mind. Even when the correct
evidence is identified internally, this memory bot-
tleneck hampers LLMs’ abilities to exploit that
information during generation (Liu et al., 2025).

Moreover, the silent reading paradigm is con-
trary to the cognitive processes observed in hu-
man reading behavior. In detail, cognitive psy-
chology theories show that humans rarely process
texts passively; instead, they frequently employ
external tools, such as highlights and notes, to of-
fload cognitive demands onto external represen-
tations (Johnson and Shaw, 2008; Liu and Stasko,
2010; Kirsh, 2010). These epistemic actions reduce
cognitive load, guide re-reading, and help structure
and synthesize information. Therefore, this interac-
tive reading paradigm facilitates deeper comprehen-
sion compared to relying solely on internal cogni-
tion (Clark, 2010; Risko and Gilbert, 2016; Sweller
et al., 2019). In contrast, current RAG reads in
silence and lacks such functionality, potentially
impairing the performance. Thus, integrating an in-
teractive reading mechanism into RAG that mimics
cognitive offloading offers a promising solution.

Following the above idea, in this paper, we pro-
pose BubbleRAG, an enhanced RAG framework
that employs an interactive reading mechanism in-
spired by human bookmarking practices. Specifi-
cally, BubbleRAG integrates a lightweight thought
bubble module that projects the LLM’s internal
cognition from its hidden state into external book-
mark tokens. These tokens are then embedded into
the retrieved documents and serve as externalized
memory, enabling the LLM to revisit its own pre-
viously identified insights. This interactive cogni-
tive offloading reduces the cognitive burden of the
LLM, facilitating more precise comprehension of
the provided evidence. Overall, our contributions
are threefold:

• We introduce BubbleRAG, the first enhanced
RAG framework that breaks the silent reading
paradigm by enabling LLMs with the interac-
tive reading capability.

• A lightweight thought bubble module is de-

signed to convert the LLM’s internal cognitive
states into external bookmark tokens, seam-
lessly injecting reasoning traces back into the
retrieved context without LLM re-training.

• Extensive experiments demonstrate that Bub-
bleRAG consistently outperforms baseline
methods in terms of effectiveness, robustness,
and generalizability, highlighting its poten-
tial to enhance the capabilities of retrieval-
augmented LLMs significantly.

2 Related Work

2.1 Retrieval-Enhanced RAG

The effectiveness of RAG pipelines is fundamen-
tally constrained by the quality of documents re-
turned by the retriever (Ren et al., 2025; Xie et al.,
2023). Consequently, enhancing retrieval accu-
racy is a central focus of recent research. Early
efforts target improvements to the retriever itself,
such as jointly tuning to maximize the end-to-end
performance (Shi et al., 2023). However, joint
optimization can be computationally prohibitive,
especially when dealing with LLMs comprising
billions of parameters. More efficient alternatives
are to keep the LLM frozen and update only the
retriever or incorporate a separate re-ranker (Shi
et al., 2024; Bai et al., 2023). Recent efforts also ex-
plore adaptive (Jeong et al., 2024; Li et al., 2026a),
iterative (Shao et al., 2023; Baek et al., 2025), and
recursive (Kim et al., 2023; Wang et al., 2024b) re-
trieval strategies that balance knowledge coverage
and retrieval latency. In addition, document-level
truncation and selection techniques have proven to
be straightforward yet effective methods for refin-
ing candidate lists (Gao et al., 2023; Xu et al., 2024;
Yan et al., 2024). Other approaches utilize small
language models to refine the contents in retrieved
documents, reducing noise and computational com-
plexity (Jiang et al., 2024; Pan et al., 2024).

2.2 Generation-Enhanced RAG

Where retrieval-enhanced approaches focus on
improving the quality of evidence, generation-
enhanced methods equip the LLMs to utilize the
retrieved evidence (Zhao et al., 2024). Prompt en-
gineering is a widely adopted technique to aug-
ment the LLMs without training, which is suit-
able for RAG scenarios (Lazaridou et al., 2022;
Ram et al., 2023; Sahoo et al., 2024). Further im-
provements can be achieved through fine-tuning
LLMs. For example, Yoran et al. (2024) utilize
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instruction tuning to equip the LLM with coun-
terfactual resistance ability. Some joint modeling
approaches (Sachan et al., 2021; Glass et al., 2022;
Izacard et al., 2023) optimize both the retriever
and the LLM, but they compromise the generaliza-
tion capabilities of LLMs (Gekhman et al., 2024;
Han et al., 2025). Alternative approaches focus
on augmenting the LLM’s abilities by introduc-
ing additional trainable components. For exam-
ple, Zhu et al. (2025a) train a set of learnable vir-
tual tokens to enhance the LLM’s performance.
More recently, reasoning-augmented RAG meth-
ods have emerged to explicitly guide the genera-
tion process through structured reasoning or self-
reflection (Zhao and Li, 2025; Li et al., 2026b).
LLM-driven approaches, such as Self-RAG (Asai
et al., 2024) and Self-Reasoning RAG (Xia et al.,
2024), enable models to iteratively reflect on in-
termediate reasoning states and decide whether
retrieval is required. Graph-driven methods, in-
cluding HippoRAG (Gutiérrez et al., 2024) and
TRACE (Fang et al., 2024), construct structured
knowledge representations from documents to fa-
cilitate reasoning. These approaches improve rea-
soning robustness by introducing explicit control.
However, the feedback signals in these methods are
typically generated alongside reasoning and remain
external to the retrieved documents themselves.

Despite these advances, most existing RAG
methods still follow a silent reading paradigm, forc-
ing LLMs to process and memorize a large amount
of information and limiting their capacity to fully
exploit relevant evidence. In this work, we propose
BubbleRAG that introduces interactive reading to
externalize intermediate cognition in a practical
and non-intrusive way.

3 BubbleRAG

3.1 Problem Formulation and Overview
RAG enhances LLMs by incorporating external
documents into generation. For simplicity, we ab-
stract away tokenization and embedding and as-
sume all inputs are represented in the input em-
bedding space. Formally, an LLM generator G (·)
receives a prompt P that combines a query q with
a set of top-k retrieved documents D = {di}ki=1.
The prompt construction process is defined as:

P = Concat (q,D) , (1)

where Concat denotes concatenation within a pre-
defined prompt template. Then, we define a reading

function that maps the prompt to hidden states:

fread(P) ≜ Gatt (P) , (2)

where Gatt is the attention layers. The resulting
hidden states are H ∈ R|P|×hG , where hG is the di-
mension of LLM’s input space. We next define the
answering function, which performs autoregressive
decoding based on the hidden states:

fanswer(H) ≜ argmax
a

∏|a|

t=1
pG(at | H,a<t) , (3)

where pG is the next-token distribution modeled
by the LLM, and a<t represents the answer tokens
preceding position t.

In traditional RAG frameworks, LLMs operate
under a silent reading paradigm, in which all re-
trieved documents are processed internally before
producing a final answer â. This traditional RAG
pipeline is expressed as:

â = fanswer(H),H = fread(P). (4)

In contrast, Figure 2 illustrates our BubbleRAG
framework. Initially, BubbleRAG aims to generate
bookmarks that are inserted back into each docu-
ment through an interactive reading process. The
objective is to obtain a processed set of documents
with bookmarks, denoted as D⋆ = {d⋆

i }ki=1. We re-
formulate this interactive reading as an autoregres-
sive process, analogous to the step-by-step reading
behavior of humans. At each step, the internal
cognition of LLM will be projected into external
representations – bookmark tokens.

In the inference stage, the interactive reading
process can be accelerated using key-value (KV)
caching, enabling a favorable balance between ef-
ficiency and effectiveness. Importantly, the back-
bone LLM is kept frozen, making BubbleRAG par-
ticularly well-suited for low-resource scenarios.

3.2 Thought Bubble
Recall that LLMs struggle to offload their cognition
during the silent reading process. Inspired by previ-
ous work on latent reasoning (Hao et al., 2025), and
instead of fine-tuning the LLM itself, we propose
the thought bubble as a trainable module to convert
the LLM’s internal cognition into external represen-
tations. As shown in the right part of Figure 2, the
thought bubble is a lightweight, pluggable encoder
that operates outside the LLM. Thought bubble
accepts the intermediate hidden states of LLM as
inputs and outputs external bookmark tokens.

43542



...
...

...

LLM

LLM

Hidden
State

Bookmark
Token

(1) Interactive Reading

(2) Answer Generation

Interactive Reading Process for i-th document

Training Loss

Offload   Mark NextRead

Cached Chunk

Thought
Bubble

Current Chunk

KV Cache
Update

KV Reuse (Inference)

Figure 2: Overview of the BubbleRAG. Left: The pipeline includes: (1) Interactive reading, where the LLM reads
documents and appends bookmarks; and (2) Answer generation, where the LLM uses the marked documents to
generate an answer. Right: The interactive reading process for the i-th document, where hidden states are converted
into bookmark tokens by the thought bubble. During inference, KV caching enables reuse of computed states.

Specifically, we utilize the hidden state of the
last token from the LLM’s last attention layer to
represent its internal cognition at each reading
step, which contains rich intermediate informa-
tion (Zhang et al., 2025). When the LLM reads
i-th document di, together with the query q and
previous marked documents D⋆

<i, the input prompt
for generating the i-th bookmark is constructed by:

P⋆
i = Concat (q,D⋆

<i,di) . (5)

As a standard structure, the LLM processes the
inputs to yield the intermediate state:

hi = fread(P
⋆
i )[-1], (6)

where hi ∈ R1×hG is the last token’s hidden state.
The thought bubble, a two-layer fully-connected

encoder denoted as fbubble(·), projects this hidden
state into the LLM’s input embedding space, an
external yet accessible space for the LLM. Specif-
ically, the thought bubble produces a continuous
bookmark token bi ∈ R1×hG , which is defined as:

bi = fbubble (hi) . (7)

Then, this bookmark token is embedded to the
end of the document, serving as an external note
for subsequent reading and answer generation. The
mark process is defined by:

d⋆
i = di ⊕ bi, (8)

where ⊕ is concatenation in the embedding space.
Notably, bookmark tokens do not correspond

to any actual vocabulary tokens, but instead serve

as externalized memory that the LLM can utilize.
By leveraging these bookmark tokens, the LLM
moves beyond the silent reading paradigm: the
LLM can offload its cognition on each document,
leave behind annotations for itself, and integrate
these insights during future answer generation.

After completing the interactive reading process,
all documents D⋆ are annotated with their respec-
tive bookmarks. The LLM then generates the final
response using these annotated documents:

â = fanswer (H
⋆) ,H⋆ = fread (P

⋆) , (9)

where P⋆ denotes the final input embedding.
For clarity, the above formulation simplifies the

input prompt. Comprehensive descriptions and the
prompt templates used in our implementation are
provided in Appendix D.3.

3.3 Training and Inference Strategy
We adopt a language modeling task, training the
LLM to generate subsequent tokens based on the
preceding context. The language modeling loss
LLM is defined as the negative log-likelihood of the
target answer sequence. The loss is given by:

LLM = −
∑|a|

t=1
log pG(at|P⋆,a<t). (10)

During inference, the interactive reading process
in BubbleRAG is implemented as an autoregressive
procedure, similar to standard token-by-token gen-
eration in LLMs. This sequential nature enables
the use of KV caching, which allows previously
computed hidden states corresponding to cached
document chunks to be efficiently reused at each
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step, significantly improving inference efficiency.
Notably, the backbone LLM is kept frozen, mak-
ing BubbleRAG highly flexible and particularly
well-suited for low-resource scenarios.

The pseudocode is presented in Algorithm 1.

4 Experiments

4.1 Datasets and Metrics

We conduct experiments on four datasets to assess
the effectiveness of BubbleRAG. The evaluation
covers Natural Questions (NQ) (Kwiatkowski
et al., 2019), which consists of questions with
human-annotated answers sourced from Wikipedia,
as well as three multi-hop reasoning datasets based
on Wikipedia: HotpotQA (Yang et al., 2018),
2WikiMultiHopQA (2Wiki) (Ho et al., 2020),
and MuSiQue (Trivedi et al., 2021). For NQ, we
adopt the NQ-10 version standardized by Liu et al.
(2023), which contains 10 candidate documents per
question. HotpotQA and 2Wiki are accompanied
by 10 candidate documents, while MuSiQue pro-
vides 20 documents. Detailed dataset descriptions
and statistics are provided in Appendix D.1.

Following previous research (Mallen et al., 2023;
Liu et al., 2023; Ye et al., 2024), we adopt accuracy
(Acc.) and token-level F1 score as metrics.

4.2 Baselines and Implementation Details

To comprehensively evaluate BubbleRAG, we com-
pared its performance against both standard and
enhanced RAG methods across various LLM back-
bones. For the standard RAG baseline, we se-
lect a widely used open-source LLM: Mistral7B
(“Mistral-7B-Instruct-v0.3”) (Jiang et al., 2023).
In addition, we include GPT-4o (Achiam et al.,
2023), DeepSeek-V3 (DeepSeek-AI et al., 2024),
and DeepSeek-R1 (DeepSeek-AI et al., 2025) as
baselines. For enhanced RAG baselines, we catego-
rize them into two groups: (1) Retrieval-enhanced
RAG, including Adaptive RAG (Jeong et al., 2024),
LongLLMLingua (Jiang et al., 2024), LLMLingua-
2 (Pan et al., 2024) and BGM (Ke et al., 2024);
and (2) Generation-enhanced RAG, including
ThoT (Zhou et al., 2023), SelfElicit (Liu et al.,
2025), MetaRAG (Zhou et al., 2024), Prompt Tun-
ing (Lester et al., 2021), Prefix Tuning (Li and
Liang, 2021), SPRING (Zhu et al., 2025a), and
R2AG (Ye et al., 2024). All enhanced methods
are implemented on the same base LLM for fair
comparison. Detailed descriptions and implemen-
tations are provided in Appendix D.2.

Although the distractors in four datasets are care-
fully selected and ranked, we further employ Con-
triever (Izacard et al., 2021) as the re-ranker to
achieve optimal retrieval performance, simulating
real-world scenarios. Cosine similarity is used as
the scoring function for ranking. Retrieval perfor-
mance for each dataset is summarized in Table 8.

For BubbleRAG, we set the learning rate to
2 × 10−4, the maximum gradient norm to 0.3,
and the warmup ratio to 0.03. Thought bubble
is implemented as a two-layer MLP with a hidden
size of 2 × hG . Optimization is performed using
Adam (Kingma and Ba, 2014). The training pro-
cess is completed in a single epoch, ensuring both
efficiency and low computational cost.

4.3 Main Results

Table 1 presents the main results, from which we
can draw the following conclusions:

(1) BubbleRAG brings substantial improvements
for Mistral7B . On three multi-hop QA datasets
(HotpotQA, 2Wiki, and MuSiQue), BubbleRAG
significantly improves both accuracy and F1. These
results indicate that BubbleRAG helps LLMs more
precisely exploit retrieved documents using inter-
active reading, yielding more accurate answers.

(2) Compared with closed-source LLMs using
standard RAG, BubbleRAG shows competitive
ability. With Mistral7B as its backbone, Bub-
bleRAG narrows the accuracy gap to GPT-4o and
delivers a higher F1. However, larger LLMs such
as DeepSeek-R1 remain strong in accuracy, espe-
cially on the longer-context MuSiQue dataset.

(3) It is clear that BubbleRAG consistently out-
performs other enhanced RAG methods. (a) Com-
pared with retrieval-enhanced RAG methods, Bub-
bleRAG significantly outperforms them. While
methods like Adaptive RAG sometimes gain in-
creases in accuracy metric, all of them suffer a
significant drop in F1 score. (b) In training-free
reasoning methods, techniques such as ThoT offer
modest gains with Mistral7B . Our extended exper-
iments on other LLMs in Appendix C.1 highlight
that reasoning methods may not significantly im-
prove performance for weaker LLMs (Wei et al.,
2022), and LLMs struggle to judge the correctness
of their reasoning using their inherent knowledge
alone (Huang et al., 2024). (c) Compared with
PEFT approaches (SPRING, Prompt Tuning, Pre-
fix Tuning, and R2AG), BubbleRAG still shows
competitive performance across most metrics.
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Dataset(→) NQ-10 HotpotQA 2Wiki MuSiQue Avg. Ranking

Method(↓)/Metric(→) Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1

GPT-4o† 0.6949 0.4496 0.7503 0.6615 0.8010 0.6465 0.6174 0.4430 - -
DeepSeek-V3671B 0.7514 0.3090 0.7846 0.6074 0.7389 0.4566 0.7039 0.4351 - -
DeepSeek-R1671B 0.7491 0.1926 0.7941 0.3549 0.8798 0.1951 0.7596 0.2821 - -

Mistral7B 0.6309 0.4714 0.5943 0.6175 0.5505 0.5209 0.3353 0.3127 - -

R
et

.E
nh

. +Adaptive RAG 0.5782 0.3179 0.5999 0.5123 0.6235 0.2993 0.3615 0.3512 5.75 8.25
+LongLLMLingua‡ 0.5009 0.4049 0.4955 0.4961 0.3815 0.3786 0.2958 0.2765 9.50 8.25
+LLMLingua-2 0.3522 0.0402 0.5166 0.1587 0.5405 0.1547 0.3142 0.0916 8.50 11.25
+BGM 0.3484 0.3479 0.4102 0.4431 0.4645 0.4349 0.1513 0.1724 10.75 9.25

G
en

er
at

io
n

E
nh

. +ThoT‡ 0.6290 0.4030 0.5989 0.5813 0.5835 0.4710 0.3887 0.3070 5.25 6.75
+SelfElicit‡ 0.6271 0.4237 0.6110 0.5917 0.5410 0.5165 0.2249 0.1989 6.50 6.50
+MetaRAG‡ 0.2268 0.2371 0.0383 0.0412 0.0350 0.0313 0.0192 0.0250 12.00 11.75
+Prompt Tuning 0.5970 0.5544 0.6387 0.6936 0.7220 0.7361 0.4976 0.5098 4.00 3.75
+Prefix Tuning 0.5085 0.4471 0.5646 0.6107 0.4690 0.4671 0.2651 0.2951 8.50 6.00
+SPRING 0.5951 0.5822 0.6665 0.7245 0.6145 0.5926 0.5122 0.5451 4.25 3.25
+R2AG 0.6554 0.7015 0.6842 0.7557 0.7465 0.7665 0.5744 0.6153 1.75 1.75
+BubbleRAG (ours) 0.6893 0.7323 0.6958 0.7600 0.7520 0.7705 0.5547 0.6094 1.25 1.25

Table 1: Main results across four datasets. Enhanced RAG methods are categorized into: Retrieval-enhanced RAG
(Ret. Enh.) and Generation-enhanced RAG (Generation Enh.). † indicates a closed-source LLM, and ‡ means
a training-free enhanced RAG method. The overall best result is marked in bold; the second-best is underlined.
Results marked in deeper yellow point to higher scores with the same backbone LLM, and deeper blue gradients
denote lower performance. Average ranking of enhanced RAG methods is also provided.

Dataset(→) HotpotQA 2Wiki MuSiQue

Method(↓)/Metric(→) Acc. F1 Acc. F1 Acc. F1

BubbleRAG 0.6958 0.7600 0.7520 0.7705 0.5547 0.6094

w/o. thought bubble 0.6660 (↓4.3%) 0.7308 (↓3.8%) 0.6460 (↓14.1%) 0.6692 (↓13.1%) 0.5483 (↓1.2%) 0.5938 (↓2.6%)
w/o. interactive reading 0.6816 (↓2.0%) 0.7448 (↓2.0%) 0.6980 (↓7.2%) 0.7215 (↓6.4%) 0.5541 (↓0.1%) 0.5972 (↓2.0%)

Table 2: Ablation results of BubbleRAG with Mistral7B . (%) indicates the relative performance gap.

4.4 Ablation Studies

To assess the contribution of the two modules in
BubbleRAG, we conduct ablation studies with two
variants. First, we exclude the thought bubble in-
dividually. Bookmark tokens are replaced with
learnable tokens that do not encode the internal
cognition from the LLM. Secondly, we replace the
iterative marking process with a one-time process,
where all bookmark tokens for each document are
generated simultaneously by the thought bubble,
rather than being produced in an interactive and
autoregressive manner. The ablation studies are
performed on the HotpotQA, 2Wiki, and MuSiQue
datasets, using Mistral7B as the base LLM. The
results shown in Table 2 indicate that BubbleRAG
consistently outperforms all ablated variants, con-
firming the superiority of BubbleRAG. Notably,
removing the thought bubble module leads to the
most significant drop across all metrics, confirming
that leveraging the LLM’s intermediate reasoning

state via the thought bubble is crucial for cogni-
tive offloading. Furthermore, replacing the itera-
tive reading process also negatively impacts perfor-
mance, suggesting that iterative interaction enables
deeper and more refined bookmark annotation.

4.5 Discussion

In this section, we focus on answering the follow-
ing research questions: RQ1: Does BubbleRAG
enhance LLMs’ ability to identify and utilize docu-
ments? RQ2: How do bookmark tokens affect the
attention patterns of LLMs?

4.5.1 Evidence Identification and Utilization
In LLMs, the attention layers are burdened with the
task of evidence retrieval (Dong et al., 2025). To
assess whether the LLM attends to the relevant doc-
uments, we convert the LLM’s attention map into
a document-level ranking signal following Wang
et al. (2024a). Specifically, we extract the last to-
ken’s attention outputs, average them across all
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Dataset(→) HotpotQA 2Wiki

Method(↓)/Metric(→) Acc@1 MAP@10 MRR@10 NDCG@10 Acc@1 MAP@10 MRR@10 NDCG@10

Contriever 0.7936 0.7426 0.8748 0.8442 0.8195 0.7043 0.8905 0.8317

Mistral7B 0.5151 0.6784 0.7342 0.7862 0.5570 0.6419 0.7431 0.7713

+R2AG 0.7735 0.7565 0.8684 0.8514 0.6580 0.7007 0.8087 0.8142
+BubbleRAG (ours) 0.8002 0.7940 0.8829 0.8728 0.7085 0.6650 0.8179 0.7967

Table 3: Attention-based retrieval results. The best and second-best results are marked in bold and underlined.
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Figure 3: Results of RAG and BubbleRAG with
Mistral7B on HotpotQA, grouped by the highest
attention-based relevance.
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Figure 4: Document-level attention heatmaps of the
last token in Mistral7B , with the X-axis representing
document indices and the Y-axis representing attention
layers. Relevant documents are highlighted in yellow .

heads, and then compute the mean attention that
each document’s tokens receive. We regard the
mean score as the document’s ranking score, from
which we derive retrieval metrics. Table 3 reports
the attention-based retrieval results on HotpotQA
and 2Wiki. It is clear that Mistral7B obtains low
Acc@1 scores, indicating that it often focuses on
distracting content within the retrieved set. Even
though R2AG is explicitly trained with relevance la-
bels, it still achieves moderate performance, show-
ing that silent reading is insufficient to guide the
LLM’s attention toward the correct document. Con-
versely, BubbleRAG substantially increases atten-
tion to relevant documents, leading to significant
improvements in retrieval metrics. On HotpotQA
dataset, BubbleRAG achieves the best performance
on all metrics. That suggests BubbleRAG enables
LLMs to perform list-wise ranking and achieve ev-
idence identification performance comparable to
retrievers such as Contriever, which excels at cap-

turing fine-grained distinctions (Zhu et al., 2024;
Qorib et al., 2024). This complex retrieval ability is
a key ingredient for LLMs to comprehend retrieved
documents (Dong et al., 2025).

The LLM may pay greater attention to crucial
documents but still produce incorrect answers (Liu
et al., 2025). To validate whether BubbleRAG
improves the utilization of attended evidence, we
analyze the grouped generation performance on
HotpotQA using Mistral7B . Specifically, samples
are divided into “relevant” and “irrelevant” groups,
based on whether the most-attended document is
relevant to the query. As shown in Figure 3, stan-
dard RAG produces many wrong answers even
when attending to relevant evidence. In contrast,
BubbleRAG significantly increases the proportion
of correct answers when identifying relevant doc-
uments. These findings indicate that BubbleRAG
not only guides the LLM to focus on the most in-
formative document but also enables the LLM to
utilize this document for answer generation.

4.5.2 Attention Visualization with Bookmarks

To better understand how bookmark tokens im-
prove LLMs’ generation, we present a visualiza-
tion of the attention distribution in BubbleRAG
compared to standard RAG, using Mistral7B as the
backbone LLM. Specifically, we focus on a case
from the 2Wiki dataset, where the relevant docu-
ments are ranked in positions 7 and 8, with other
documents serving as potential distractors.

We first visualize the attention distribution of the
last token over document tokens, averaged across
all attention heads. Figure 4 shows document-level
attention heatmaps. It is evident that RAG tends to
disproportionately focus on an irrelevant document
positioned at the end of the ranking, neglecting
the more relevant middle documents. This bias
potentially misguides the LLM, leading to erro-
neous responses (Liu et al., 2023). In contrast,
BubbleRAG directs more attention to the relevant
documents, especially in the deeper layers (16-32),
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Figure 5: Heatmaps of token-level attention distribution for the last token using Mistral7B , with the X-axis
representing tokens and the Y-axis representing layers.
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Figure 6: Average attention patterns for 32 tokens near the bookmark tokens across 10 candidate documents using
Mistral7B . The first bookmark token is labeled as “<b>”.

effectively identifies the irrelevant documents, and
steers the LLM’s focus toward more useful informa-
tion. While the last document initially receives rela-
tively high attention before the 16th layer, the LLM
gradually deprioritizes as it is recognized as irrele-
vant (Ju et al., 2024). Overall, relevant documents
get more attention, consistent with the attention-
based retrieval analysis in Discussion 4.5.1.

Next, at the token level, as shown in Figure 5,
we analyze the attention distribution for tokens
within the top-6 to top-8 ranked documents. It is
obvious that the bookmark tokens receive higher
attention scores even in deeper layers. That sug-
gests bookmark tokens effectively act as cognitive
links, bridging documents and effectively guiding
the LLM’s attention toward valuable information.

Figure 6 further illustrates attention patterns near
the bookmark tokens. We can draw several conclu-
sions: (1) In the 1st layer, attention is more focused
on recent tokens, displaying a local, sparse pattern
as discussed in Xiao et al. (2024). (2) Between the
3rd and 24th layers, a clear pattern emerges where
the information flow around the bookmark tokens
converges, forming an arrow-shaped attention
pattern like attention sinks (Xiao et al., 2024; Bar-
bero et al., 2025). This convergence pattern aligns

with the observations of “anchor token” (Wang
et al., 2023), where certain tokens act as reference
points for the LLM’s decision-making process. (3)
In the 32nd layer, the LLM shifts its focus back
to recent tokens, exhibiting a localized attention
pattern (Wan et al., 2025).

See Appendix B for additional discussion and
extended experiments.

5 Conclusion

In this work, we investigate limitations of the silent
reading paradigm in RAG frameworks, particularly
their inability to offload and revisit internal cog-
nition when integrating retrieved evidence. To
address this challenge, we propose BubbleRAG,
an enhanced RAG method that inserts bookmarks
via an interactive reading process using a thought
bubble module. By externalizing the LLM’s inter-
nal cognition and inserting it back into documents,
BubbleRAG improves evidence integration and an-
swer quality. Extensive experiments demonstrate
that BubbleRAG outperforms baseline RAG meth-
ods and enables LLMs to better focus on and utilize
relevant documents. Future work will explore more
flexible approaches for integrating bookmarks.

43547



Limitations

BubbleRAG has several limitations. First, Bub-
bleRAG relies on access to intermediate hidden
states of the backbone LLM, which may not be
available in some closed-source or API-only mod-
els. Secondly, the interactive reading process in-
troduces additional computational overhead due to
bookmark generation. Third, the generated book-
mark tokens are primarily designed for LLM con-
sumption and are not directly interpretable by hu-
mans, although our analyses show they are mean-
ingful and effective for model reasoning. Finally,
BubbleRAG focuses on textual QA tasks; the effec-
tiveness in other settings, such as reasoning gener-
ation or multi-modal QA, remains to be explored.

Ethics Statement

LLMs may produce inaccurate or misleading out-
puts, which can lead to potential risks in real-world
applications. BubbleRAG is designed to mitigate
this issue by encouraging more faithful evidence
identification and utilization through interactive
reading and externalized cognition, rather than rely-
ing solely on internal reasoning. Our work adheres
to established ethical standards in the research com-
munity. All datasets and models used in this study
are publicly available and were employed in accor-
dance with their intended use and licenses. We do
not collect or use any personal or sensitive data,
and the authors declare no conflicts of interest.
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Appendix

This appendix is organized as follows:
• Section A is the algorithm of BubbleRAG.
• Section B provides further discussion.
• Section C presents extended experiments, in-

cluding extended main results and extended
ablation studies.

• Section D.1 provides dataset statistics.
• Section D.2 presents expanded baseline im-

plementation details.
• Section D.3 lists the prompt templates.

A BubbleRAG Algorithm

Algorithm 1 is the pseudocode of BubbleRAG.

Algorithm 1: BubbleRAG
Input :Query q, top-k retrieved documents

D={di}ki=1.
Output :Predicted answer â.

1 Initialize LLM G(·), thought bubble fbubble(·).
2 Initialize annotated documents D⋆ ← ∅.

for i = 1 to k do
3 Construct prompt P⋆

i ; // {Eq. 5}
4 Compute hidden state hi; // KV caching is

used during inference. {Eq. 6}
5 Generate a bookmark token bi; // {Eq. 7}
6 Append bookmark d⋆

i ← di ⊕ bi; // {Eq. 8}
7 Append d⋆

i to D⋆;
end

8 Construct final prompt P⋆ and generate answer â;
// {Eq. 9}

// Training objective
9 if is training then

10 Calculate LLM; // {Eq. 10}
11 Update parameters.
12 end
13 return â

B Further Discussion

In this section, we further explore the following
research questions. RQ3: How well does Bub-
bleRAG generalize to varying candidate sizes?
RQ4: How does the prompt template affect results?

B.1 RQ3: Generalizability to Varying
Candidate Sizes

We examine the robustness of BubbleRAG to vary-
ing numbers of retrieved documents by training
the model with k = 10 and evaluating its gen-
eralization to other candidate set sizes. Figure 7
presents the comparative performance of standard
RAG and BubbleRAG using Mistral7B as the base
LLM as the number of input documents changes.
The results demonstrate several trends. First, Bub-
bleRAG consistently outperforms standard RAG

across all document counts on both NQ-30, Hot-
potQA, and 2Wiki datasets. Both RAG and Bub-
bleRAG show clear improvements in performance
when the number of documents increases on Hot-
potQA and 2Wiki datasets. On the NQ-30 dataset,
BubbleRAG’s performance also improves as the
candidate set size grows up to k = 10, after which
it slightly declines. This trend may indicate a trade-
off: while a moderate number of documents intro-
duces more relevant evidence, extensive candidate
sets increase noise and distract the model, mildly af-
fecting performance (Jin et al., 2025). Importantly,
BubbleRAG’s performance remains strong even
when the evaluation k does not precisely match the
training setting, highlighting the model’s robust-
ness to dynamic retrieval environments.

B.2 RQ4: Impact of Prompt Template

In our main experiments, the prompt template em-
ployed a setting where the question was placed
both before and after the set of documents. In this
section, we evaluate model performance under an
alternative template where the question appears
only after the documents. This revised prompt con-
figuration is consistent with the template described
in Section D.3, except that the initial occurrence
of the question is omitted. Table 4 summarizes the
results. The findings indicate that this simplified
prompt template leads to a consistent performance
degradation across most methods and datasets, sug-
gesting that repeating the question helps reinforce
task relevance during generation. Nevertheless,
BubbleRAG remains the strongest performer under
this setting, achieving the near-best results across
all benchmarks. Importantly, the overall conclu-
sions regarding the relative effectiveness of Bub-
bleRAG and competing methods remain consistent
with those drawn from the main results.

C Extended Experiments on LLaMA27B

and Qwen38B

In this section, we conduct extended ex-
periments with two popular open-source
LLMs: LLaMA27B (Touvron et al., 2023) and
Qwen38B (Yang et al., 2025), which represent
weaker and stronger LLMs, respectively, within a
similar parameter.

C.1 Extended Main Results

Table 5 reports the extended results on LLaMA27B
and Qwen38B . Several observations can be drawn:
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Figure 7: Performance of RAG and BubbleRAG across different document counts. Training point means its k aligns
with the training setting.

Dataset(→) NQ-10 HotpotQA 2Wiki MuSiQue

Method(↓)/Metric(→) Acc. F1 Acc. F1 Acc. F1 Acc. F1

Mistral7B 0.6083 0.4451 0.5787 0.5691 0.4745 0.4173 0.3418 0.2993

+Adaptive RAG 0.5782 0.3644 0.5696 0.4674 0.5585 0.3133 0.3402 0.2977
+LLMLingua-2 0.3522 0.0402 0.5166 0.1587 0.5405 0.1547 0.3142 0.0916
+BGM 0.3484 0.3479 0.4102 0.4431 0.4645 0.4349 0.1513 0.1724
+Prompt Tuning 0.5989 0.6273 0.6831 0.7654 0.6750 0.6816 0.5683 0.6142
+Prefix Tuning 0.4934 0.4704 0.5691 0.6282 0.4655 0.4544 0.2881 0.3392
+SPRING 0.5650 0.5822 0.6665 0.7245 0.6145 0.5926 0.5122 0.5451
+R2AG 0.6215 0.6790 0.6796 0.7617 0.7190 0.7338 0.5596 0.6072
+BubbleRAG (ours) 0.6987 0.7458 0.6842 0.7617 0.7220 0.7362 0.5758 0.6234

Table 4: Main results across four datasets under the prompt template where the question appears only after retrieved
documents.

(1) BubbleRAG consistently improves perfor-
mance across model capacities, while stronger
LLMs benefit more from its interactive reading
mechanism. Although LLaMA27B is intrinsically
weaker than Qwen38B , BubbleRAG significantly
improves its performance on all datasets. No-
tably, on the 2Wiki dataset, LLaMA27B with Bub-
bleRAG surpasses Qwen38B using standard RAG.

(2) Reasoning-based methods show limited ef-
fectiveness for weaker LLMs. Training-free rea-
soning approaches such as ThoT and Self-Elicit
fail to consistently improve LLaMA27B and often
degrade F1. Although these methods yield moder-
ate gains on Qwen38B , their improvements remain
unstable and inferior to those achieved by Bub-
bleRAG.

C.2 Extended Ablation Studies

The ablation results with LLaMA27B and
Qwen38B are provided in Table 6. As shown, re-
moving any single component — thought bubble
or iterative reading — consistently leads to a drop

in both accuracy and F1 scores across all evaluated
datasets.

To further address whether BubbleRAG’s gains
can be explained by explicit natural-language com-
pression alone, we add a budget-aligned textual
bookmark ablation on NQ-10 and HotpotQA with
Mistral7B . Specifically, at each reading step, we
prompt the LLM to generate a fixed-length natural-
language annotation for each retrieved document
and append the annotation to the document before
answer generation. Because enforcing a strict one-
token-per-document textual control is impractical,
we use 32 annotation tokens per document. To
make this baseline stronger, we also test a variant
where the middle-step annotations are generated by
Qwen38B .

As shown in Table 7, textual bookmarks provide
only limited gains, even when annotations are gen-
erated by a stronger LLM. In contrast, BubbleRAG
remains substantially better on both datasets. No-
tably, this textual control uses a much larger budget
(about 32× per-document annotation cost) than
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Dataset(→) NQ-10 HotpotQA 2Wiki MuSiQue Avg. Ranking

Method(↓)/Metric(→) Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1

LLaMA27B 0.4765 0.3071 0.4440 0.3923 0.4110 0.3256 0.1935 0.1539 - -

+Adaptive RAG 0.4501 0.2314 0.4536 0.3190 0.4235 0.1520 0.1908 0.1491 4.75 7.25
+LongLLMLingua‡ 0.4105 0.2193 0.4198 0.3220 0.3590 0.2737 0.2074 0.1420 6.00 7.25
+LLMLingua-2 0.1638 0.0382 0.3088 0.1715 0.3375 0.0924 0.0812 0.0389 8.75 10.75
+BGM 0.2599 0.2197 0.3017 0.3315 0.4410 0.4048 0.1227 0.1258 7.50 6.50
+ThoT‡ 0.1431 0.0788 0.2185 0.1403 0.2345 0.1474 0.0564 0.0541 10.75 10.25
+SelfElicit‡ 0.4501 0.2788 0.4415 0.3474 0.4070 0.2240 0.1792 0.1413 5.50 6.50
+Prompt Tuning 0.4218 0.4672 0.5908 0.6532 0.5320 0.3606 0.3573 0.4269 3.75 3.25
+Prefix Tuning 0.1092 0.1643 0.3047 0.3726 0.2700 0.2932 0.0768 0.1324 10.00 7.00
+SPRING 0.4670 0.3417 0.4162 0.4156 0.3420 0.3178 0.2036 0.1686 5.75 4.25
+R2AG 0.5556 0.5851 0.6034 0.6748 0.6265 0.6426 0.4085 0.4658 2.00 2.00
+BubbleRAG (ours) 0.6196 0.6688 0.6302 0.6962 0.6720 0.6882 0.4559 0.5037 1.00 1.00

Qwen38B 0.7137 0.2629 0.7089 0.5751 0.6685 0.4705 0.4604 0.3053 - -

+Adaptive RAG 0.6723 0.2359 0.6847 0.5285 0.6700 0.3760 0.5186 0.3833 5.00 8.00
+LongLLMLingua‡ 0.5989 0.2054 0.5782 0.4597 0.4670 0.3643 0.4491 0.3171 8.00 9.25
+LLMLingua-2 0.1205 0.0201 0.3920 0.0934 0.3960 0.1047 0.1826 0.0486 10.75 10.75
+BGM 0.3465 0.1713 0.4157 0.3311 0.3140 0.2682 0.1987 0.1446 12.00 12.00
+ThoT‡ 0.7100 0.2619 0.7245 0.5451 0.7230 0.3814 0.5433 0.4054 2.75 7.00
+SelfElicit‡ 0.3126 0.1802 0.5610 0.4986 0.0240 0.0159 0.2068 0.1696 10.25 10.00
+MetaRAG‡ 0.5650 0.5860 0.6791 0.7618 0.7535 0.7253 0.4148 0.4556 6.00 4.25
+Prompt Tuning 0.5763 0.6416 0.7038 0.7798 0.6880 0.7033 0.5780 0.6262 4.75 3.25
+Prefix Tuning 0.5443 0.4777 0.6549 0.7285 0.5640 0.5751 0.4730 0.5355 7.75 5.00
+SPRING 0.6855 0.4645 0.6635 0.7193 0.6350 0.6229 0.4529 0.4772 6.00 5.50
+R2AG 0.6610 0.7312 0.7069 0.7917 0.7335 0.7465 0.5855 0.6300 3.25 2.00
+BubbleRAG (ours) 0.7326 0.7769 0.7200 0.7933 0.7475 0.7655 0.5952 0.6317 1.50 1.00

Table 5: Main results across four datasets using LLaMA27B and Qwen38B .

Dataset(→) HotpotQA 2Wiki MuSiQue

Method(↓)/Metric(→) Acc. F1 Acc. F1 Acc. F1

Qwen38B+BubbleRAG 0.7200 0.7933 0.7475 0.7655 0.5952 0.6317
w/o. thought bubble 0.6983 (↓3.0%) 0.7681 (↓3.2%) 0.6660 (↓10.9%) 0.6873 (↓10.2%) 0.5697 (↓4.3%) 0.6138 (↓2.8%)
w/o. interactive reading 0.7094 (↓1.5%) 0.7831 (↓1.3%) 0.7135 (↓4.5%) 0.7309 (↓4.5%) 0.5753 (↓3.3%) 0.6289 (↓0.4%)

LLaMA27B+BubbleRAG 0.6302 0.6962 0.6720 0.6882 0.4559 0.5037
w/o. thought bubble 0.5752 (↓8.7%) 0.6334 (↓9.0%) 0.5485 (↓18.4%) 0.5617 (↓18.4%) 0.3746 (↓17.8%) 0.4380 (↓13.0%)
w/o. interactive reading 0.6317 (↑0.2%) 0.7109 (↑2.1%) 0.6595 (↓1.9%) 0.6793 (↓1.3%) 0.4365 (↓4.3%) 0.4873 (↓3.3%)

Table 6: Ablation results of BubbleRAG with LLaMA27B and Qwen38B . (%) indicates the relative performance
gap compared to the BubbleRAG.

BubbleRAG’s implicit one-bookmark mechanism,
yet still cannot match BubbleRAG’s performance.
These results suggest that BubbleRAG’s advantage
is not merely due to adding more text tokens, but
comes from its interactive and compact cognitive
offloading design.

D Experiment Details

D.1 Dataset Details

Natural Questions (NQ) (Kwiatkowski et al.,
2019) pairs real Google search queries with human-
annotated answers from Wikipedia. We use the
version standardized by (Liu et al., 2023), where
each query is accompanied by k−1 distractor docu-

ments retrieved by Contriever (Izacard et al., 2021).
We use the 10-candidate version (NQ-10) in the ex-
periments. We also utilize the 30-candidate version
(NQ-30) in the discussion B.1.

HotpotQA (Yang et al., 2018) is a widely used
multi-hop question answering dataset that requires
synthesizing evidence from multiple Wikipedia ar-
ticles. Under the distractor setting, each question
pairs with 10 documents, and queries are catego-
rized as either “bridging” or “comparison” accord-
ing to the required reasoning pattern.

2WikiMultiHopQA (2Wiki) (Ho et al., 2020)
consists of questions involving up to 5 reasoning
hops, each paired with 10 documents. Unlike Hot-
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Dataset(→) NQ-10 HotpotQA

Method(↓)/Metric(→) Acc. F1 Acc. F1

Mistral7B 0.6309 0.4714 0.5943 0.6175
+Textual Bookmarks 0.6271 0.4832 0.5918 0.6173
+Textual Bookmarks (Qwen3) 0.6365 0.4962 0.5974 0.6206
+BubbleRAG (ours) 0.6893 0.7323 0.6958 0.7600

Table 7: Budget-aligned textual bookmark ablation compared with BubbleRAG.

potQA, 2Wiki evaluates models not only based on
supporting evidence but also their ability to identify
relevant entity-relation tuples.

MuSiQue (Trivedi et al., 2021) contains ques-
tions that require 2–4 reasoning hops across six
predefined patterns. The dataset is constructed us-
ing a bottom–up process by carefully selecting and
composing single-hop questions. In the distractor
split, the correct answer must be identified among
20 candidate documents.

Dataset statistics are reported in Table 8.

D.2 Baseline Details
LLMs (Standard RAG)
GPT-4o (Ouyang et al., 2022; Achiam et al., 2023)
are popular closed-source LLMs that we access
through the OpenAI API. The version of GPT-4o
is “gpt-4o-2024-11-20”. The temperature is fixed
at 0.0.

DeepSeek-V3 and DeepSeek-R1 (DeepSeek-
AI et al., 2024, 2025) are open-source 671B LLMs
that achieve impressive performance across various
benchmarks. We invoke the versions “deepseek-
chat” (“DeepSeek-V3-0324”) and “deepseek-
reasoner” (“DeepSeek-R1”) via the DeepSeek API
platform1 with the temperature set to 0.0. As
DeepSeek-R1 outputs an explicit reasoning trace
before its final answer, we evaluate only the seg-
ment that follows the “<\think>” delimiter.

LLaMA2 (Touvron et al., 2023) is a popular
open-source family of LLMs. Our experiments use
two versions: “Llama-2-7b-chat-hf” and “Llama-
2-13b-chat-hf”. We adopt greedy decoding to en-
sure a fair comparison. The length and repetition
penalty are both set to 1.0, while the temperature is
set to 1.0. All other settings are set to their default
values.

Mistral (Jiang et al., 2023) is another compet-
itive open-source LLM. In our experiments, we
use the “Mistral-7B-Instruct-v0.3” version. We

1https://platform.deepseek.com

apply the same decoding hyper-parameters as for
LLaMA27B .

Qwen3 (Yang et al., 2025) is the latest series
of open-source LLMs. We use the “Qwen3-8B”
version. Consistent with our setup for other LLMs,
we apply greedy decoding with the same hyper-
parameters as used for LLaMA27B .

Under these configurations, LLaMA27B ,
Mistral7B , and Qwen38B serve as the base LLMs
for all enhanced RAG baselines in our experiments.

Retrieval Enhancement

Adaptive RAG (Jeong et al., 2024) augments
the standard RAG pipeline with a classifier that
chooses, per query, whether the LLM should con-
sult external evidence. To keep the comparison
fair, we restrict the action space to just two op-
tions: “non-retrieval” and “retrieval”. A query is
labeled “non-retrieval” if the base LLM can directly
produce the correct answer without retrieved docu-
ments; all others receive the “retrieval” label. The
action is predicted by a T5 (“flan-t5-base”) (Chung
et al., 2024) classifier fine-tuned on these labels.

LongLLMLingua (Jiang et al., 2024) com-
presses an input prompt by exploiting the infor-
mation–salient distribution predicted by a smaller
LLM. The compression process controls the to-
ken budget while retaining critical content. Fol-
lowing the authors’ recommendations, we employ
LLaMA27B “Llama-2-7b-chat-hf” (Touvron et al.,
2023) as the compressor and fix the compression
rate at 0.55.

LLMLingua-2 (Pan et al., 2024) formulates
prompt compression as a token-classification task:
an encoder scores each token for retention or dele-
tion. Following previous work, we fine-tune “xlm-
roberta-large” (Conneau et al., 2020) as the token
classification model on each dataset, leaving all
hyper-parameters at their default settings.

BGM (Ke et al., 2024) trains a bridging model
via supervised learning, followed by reinforcement
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Datasets # Query # Train/Test # Tokens # Rel/Docs MAP MRR@10 NDCG@10

NQ-10 2655 2124/531 ~2k 1/10 0.5170 0.5170 0.6288
NQ-30 2655 2124/531 ~6k 1/30 0.5170 0.5170 0.6288

HotpotQA 9906 7924/1982 ~2k 2.38/10 0.7426 0.8748 0.8442
2Wiki 10000 8000/2000 ~2k 2.44/10 0.7043 0.8905 0.8317

MuSiQue 9856 7894/1962 ~3k 2.10/20 0.6194 0.8423 0.7127

Table 8: Statistics of datasets. “# Rel/Docs” denotes the number of relevant documents and the total number of
documents for each query. “MAP”, “MRR@10”, and “NDCG@10” are common retrieval metrics.

learning to select the documents most preferred
by the target LLM. The bridging model outputs
indices over the retrieved materials, and the corre-
sponding documents constitute the final evidence
sent to the LLM. Because the authors’ T5 imple-
mentation is limited to a 512-token context win-
dow, we substitute LLaMA3.21B (“Llama-3.2-1B-
Instruct”) (Dubey et al., 2024), whose window we
extend to 8k tokens. For stable generation, the
bridging model’s output space is restricted to k
reserved special tokens, each representing a candi-
date document.

Generation Enhancement

ThoT (Zhou et al., 2023) prompts LLMs to handle
noisy contexts by examining each document step
by step and summarizing the key findings through-
out the process. To prevent potential information
leakage from intermediate reasoning, we discard
the reasoning traces and evaluate the method solely
based on its final output.

SelfElicit (Liu et al., 2025) is an inference-time
augmentation that taps into the LLM’s own atten-
tion maps to locate the most salient evidence sen-
tences in the supplied context and then explicitly
highlights them before the final generation step.
Following the authors’ recommended setup, we
keep all other hyper-parameters at their defaults to
generate final answers.

MetaRAG (Zhou et al., 2024) is a metacogni-
tive framework that enhances RAG systems by en-
abling the LLM to monitor, evaluate, and regulate
its own retrieval and reasoning processes. In our ex-
periments, we follow the authors’ open-source im-
plementation and evaluate the performance based
on its final generated response. For a fair com-
parison with non-iterative baselines, we constrain
the monitoring, evaluation, and planning stages of
MetaRAG to operate over only the top-k retrieved
candidates.

Prompt Tuning (Lester et al., 2021) learns a

task-specific sequence of trainable prompt tokens
that is prepended to the original input, guiding the
LLM toward the desired behavior without altering
its parameters. For all experiments, we set the
number of learnable tokens to k to ensure a fair
comparison across baselines.

SPRING (Zhu et al., 2025a) appends a set of
learnable virtual tokens that are simply added to
the retrieved documents and user input. The num-
ber of virtual tokens is set to 50, and these tokens
will be trained using the same supervised language-
modeling target as used for BubbleRAG on the
specific dataset.

Prefix Tuning (Li and Liang, 2021) prepends
a sequence of continuous prefix vectors to every
attention layer, allowing the frozen backbone LLM
to adapt with minimal overhead. In our implemen-
tation, we prepend k visual tokens produced by a
lightweight prefix encoder composed of a single
embedding layer.

R2AG (Ye et al., 2024) computes a suite of
retrieval-level features based on semantic similar-
ities. These features are injected into the LLM
through an auxiliary R2-Former, which aligns the
retrieval signal with the LLM’s input space. We fol-
low the authors’ training strategy and fine-tune the
R2-Former for each dataset. The attention layer’s
head number and hidden size in R2-Former are 4
and 256, respectively.

D.3 Prompt Templates
The prompt templates in our experiments are sum-
marized in Table 9. Following Liu et al. (2023), we
utilize a query-aware contextualization template
(placing the query before and after the documents)
to achieve optimal performance for all RAG meth-
ods. To ensure a more complete evaluation, we also
report results using the standard prompt template,
where the query appears only after the documents.
The corresponding results for this setting are pre-
sented in Appendix B.2.
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Method Prompt Template

RAG Write a high-quality answer for the given question using only the provided search results (some of
which might be irrelevant). Only give me the answer and do not output any other words.
Question: {#q}
[1]{#d1}
[2]{#d2}
...
[k]{#dk}
Only give me the answer and do not output any other words.
Question: {#q}
Answer:

ThoT Write a high-quality answer for the given question using only the provided search results (some of
which might be irrelevant). Only give me the answer and do not output any other words.
Question: {#q}
[1]{#d1}
[2]{#d2}
...
[k]{#dk}
Only give me the answer and do not output any other words.
Question: {#q}
Walk me through this context in manageable parts step by step, summarizing and analyzing as we go.
{#Reasoning process}
Therefore, the answer:

Comp. Write a high-quality answer for the given question using only the provided search results (some of
which might be irrelevant). Only give me the answer and do not output any other words.
Question: {#q}
{#Compressed documents}
Only give me the answer and do not output any other words.
Question: {#q}
Answer:

R2AG Write a high-quality answer for the given question using only the provided search results (some of
which might be irrelevant). Only give me the answer and do not output any other words.
Question: {#q}
[1]<s>{#d1}
[2]<s>{#d2}
...
[k]<s>{#dk}
Only give me the answer and do not output any other words.
Question: {#q}
Answer:

BubbleRAG Write a high-quality answer for the given question using only the provided search results (some of
which might be irrelevant). Only give me the answer and do not output any other words.
Question: {#q}
[1]{#d1}<b>
[2]{#d2}<b>
...
[k]{#dk}<b>
Only give me the answer and do not output any other words.
Question: {#q}
Answer:

Table 9: Prompt templates of different methods. “Comp.” means compression-based methods, including LongLLM-
Lingua and LLMLingua-2. “<s>” and “<b>” are the placeholders for semantic embedding and bookmark tokens,
respectively.
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