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Abstract

Retrieval-augmented generation (RAG) has
emerged as a pivotal method for expanding
the knowledge of large language models. To
handle complex queries more effectively, re-
searchers developed Adaptive-RAG (A-RAG)
to enhance the generated quality through multi-
ple interactions with external knowledge bases.
Despite its effectiveness, A-RAG exacerbates
the pre-existing efficiency challenges inherent
in RAG, which are attributable to its reliance
on multiple iterations of generation. Existing
A-RAG approaches process all retrieved con-
tents from scratch. However, they ignore the
situation where there is a significant overlap
in the content of the retrieval results across
rounds. The overlapping content is redundantly
represented, which leads to a large proportion
of repeated computations, thus affecting the
overall efficiency. To address this issue, this
paper introduces a model-agnostic approach
that can be generally applied to A-RAG meth-
ods, which is dedicated to reducing the redun-
dant representation process caused by the over-
lapping of retrieval results. Specifically, we
use cache access and parallel generation to
speed up the prefilling and decoding stages re-
spectively. Additionally, we also propose an
instruction-driven module to further guide the
model to more effectively attend to each part of
the content in a more suitable way for LLMs.
Experiments show that our approach achieves
2.79 and 2.33 times significant acceleration on
average for prefilling and decoding respectively
while maintaining equal generation quality.

1 Introduction

Work smarter, not harder.
Allan F. Mogensen, 1930s

Large Language Models (LLMs) (e.g., LLaMA-
2, PalLM, and GPT-4 (Touvron et al., 2023; Anil
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Figure 1: (a) The pipeline of A-RAG. (b) Analysis
of document overlap between first and later retrievals
(rounds 2-3) using 1000 2WikiMultihopQA samples,
where Q1, Median, and Q3 represent the 25th, 50th, and
75th percentiles of document overlap ratios respectively.

et al., 2023; Achiam et al., 2023)) have demon-
strated remarkable capabilities across various natu-
ral language processing tasks. To address the grow-
ing demand for knowledge-intensive and factually
grounded responses, Retrieval-Augmented Genera-
tion (RAG) has emerged as a promising paradigm
to mitigate the inherent knowledge limitations of
LLMs (Lewis et al., 2020; Borgeaud et al., 2022;
Ram et al., 2023; Jiang et al., 2023; Asai et al.; Gao
et al., 2023; Gupta et al., 2024). It enhances the per-
formance by retrieving relevant information from
external knowledge base to generate contextually
appropriate and evidence-based responses.

Conventional RAG interacts with the external
knowledge bases once and combines the retrieved
documents with the query as input to LLMs, this
can also be called single-round RAG. Nevertheless,
single-round RAG encounters challenges in han-

26983

Findings of the Association for Computational Linguistics: ACL 2025, pages 26983-27000
July 27 - August 1, 2025 ©2025 Association for Computational Linguistics



dling complex user inquiries, as it is difficult to ex-
tract sufficient information by a single interaction.
Consequently, an increasing number of researchers
have begun to focus on and propose Adaptive-RAG
(A-RAG) (Borgeaud et al., 2022; Ram et al., 2023;
Mallen et al., 2023; Asai et al.; Trivedi et al., 2023;
Jiang et al., 2023; Zhao et al., 2023; Yang et al.,
2023b; Su et al., 2024; Zhang et al., 2024; Li et al.;
Yao et al., 2024; Jeong et al., 2024; Wang et al.,
2024a). Figure 1(a) illustrates the process of A-
RAG, which dynamically determines whether to
continue retrieval and adjusts the retrieval content
based on the quality of the generated responses.
Through iterative interactions with external knowl-
edge bases, A-RAG obtains more comprehensive
and valuable information to generate accurate and
comprehensive answers.

Although A-RAG enhances the performance, it
further exacerbates the inherent efficiency prob-
lems of the RAG due to external interactions and
increased computation. Within its post-retrieval
generation phase, existing methods process all re-
trieved contents from scratch. However, they over-
looked a situation where, during a single A-RAG
process, the high similarity among multiple rounds
of queries results in significant overlap in the con-
tent of the retrieved results across these rounds,
especially between adjacent rounds. Figure 1(b)
shows the overlap ratio of documents between
rounds with different settings for the number of
retrieved documents. These overlapping contents
are redundantly represented in each round, which
leads to a large proportion of repeated computa-
tions, thereby affecting the overall efficiency.

To tackle this issue, we propose Instruction-
Driven Representation Reduction (IDR3), a model-
agnostic approach widely applicable to the A-RAG
methods. It aims to improve the efficiency of A-
RAG by eliminating repetitive representations of
overlapping content and redundant autoregressive
representation rounds. Concretely, we leverage rep-
resentation reduction techniques in both the prefill-
ing and decoding processes of the generation phase.
During prefilling, we propose the Cross-Iteration
Cache Sharing (CICS) module, which establishes
a shared memory repository for document repre-
sentations. It enables subsequent processing iter-
ations to bypass repetitive computations through
cached intermediate results, thereby reducing com-
putational overhead for overlapping content. In
addition, to further direct the model to more ef-
fectively attend to the various parts of the content

after prefilling, we introduce the Instruction-driven
Deduplication Guidance Reinforcement (IDGR)
module. It leverages the instruction-following ca-
pabilities of LLMs to implement context-aware
filtration, prioritizing semantically relevant cached
information while suppressing redundant content
through explicit linguistic guidance in a more suit-
able way for LLMs. In the decoding process, we
propose a novel Information-Guided Parallel Gen-
eration (IGPG) module, which leverages the corre-
lation between retrieved documents and the gener-
ated results. By integrating phrasal fragments as
inputs at each autoregressive step, IGPG enables
parallel generation. It reduces the autoregressive
representation rounds to achieve acceleration.

We extensively evaluate our proposed method
on multiple datasets. The experimental results
show that our IDR> significantly reduces the rep-
resentation process, which achieves 2.79 and 2.33
times acceleration for prefilling and decoding, con-
sequently accelerating the entire A-RAG workflow
by 2.0 times on average across various A-RAG ap-
proaches while maintaining the performance of
generation. In summary, our contributions are
mainly three-fold:

1. We propose IDRg, an acceleration approach
for A-RAG based on representation reduction
techniques. It eliminates repetitive representa-
tions during the prefilling process and reduces
autoregressive representation redundancy in
the decoding phase, thereby speeding up the
entire A-RAG workflow almost without per-
formance loss.

2. We develop the Instruction-driven Deduplica-
tion Guidance Reinforcement module, which
leverages the instruction-following capabili-
ties of LLMs to further direct the model to
more effectively attend to the various parts of
the content after prefilling in a more suitable
way for LLMs.

3. Experimental results demonstrate that our ap-
proach significantly enhances the efficiency
of various A-RAG methods while exhibiting
robust adaptability across diverse scenarios
and various LLM scales.

2 Related Works
2.1 Adaptive-RAG

Generating satisfactory answers by single-round
RAG remains challenging (Komeili, 2021; Zhu
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etal.,2021; Liu et al., 2024; Jiang et al., 2023; Yang
et al., 2023b; Ni et al., 2024). A-RAG was devel-
oped to address this limitation by enabling iterative
interactions with external knowledge bases, lead-
ing to more accurate and complete answers through
multiple retrieval rounds (Jiang et al., 2023; Yang
et al., 2023b; Ni et al., 2024). Current A-RAG ap-
proaches can be classified into two categories: 1)
Rule-based strategies, such as per-sentence itera-
tion (Trivedi et al., 2023), sliding window tokens
(Borgeaud et al., 2022; Ram et al., 2023), and con-
textual learning (Zhao et al., 2023; Zhang et al.,
2024; Li et al.). 2) Self-perception strategies evalu-
ate output confidence through internal states (Yao
et al., 2024), LLM output layer (Jiang et al., 2023;
Yang et al., 2023b; Su et al., 2024), or explicit
language-level feedback (Asai et al.). In contrast to
existing works that primarily focus on performance
enhancement, to the best of our knowledge, we are
the first to investigate the multi-turn document over-
lapping problem in A-RAG and improve efficiency
through its resolution.

2.2 Inference Acceleration

Efficiency of LLM. Research on improving LLM
efficiency can generally be classified into two cate-
gories: traditional optimization techniques (such as
quantization, pruning, knowledge distillation, etc.)
and LLM-specific optimizations which include: 1)
Early Exiting (Teerapittayanon et al., 2016; Xin
et al., 2020; Zhou et al., 2020; Kong et al., 2022;
Yang et al.; Bae et al., 2023), uses prediction heads
at different layers to enable early token exit when
confidence thresholds are met. 2) Token Pruning
(Goyal et al., 2020; Kim and Cho, 2021; Wang
et al., 2021; Kim et al., 2022; Hou et al., 2022;
Zhang et al., 2023b), retains only critical tokens
based on importance ranking.3) Speculative De-
coding (Chen et al., 2023; Leviathan et al., 2023;
Spector and Re; Yang et al., 2023a; Zhang et al.,
2023a; Kim et al., 2024; Miao et al., 2024), uses ef-
ficient smaller models to generate candidate tokens
for batch verification by LLM.

Efficiency of RAG. Speculative retrieval (Zhang
et al.) reduces retrieval overhead through local
retrieval and verification mechanisms. Parallel doc-
ument processing (Merth et al.) mitigates attention
complexity by processing multiple documents in-
dependently rather than concatenating them. Doc-
ument preprocessing (Lu et al., 2024) improves
prefilling efficiency by preprocessing and storing
document representation for the whole knowledge

base. Small expert LMs generate initial document-
specific drafts for LLM verification (Wang et al.,
2024b). In contrast to prior work, our IDR> is a
general framework. It enhances A-RAG efficiency
by representation reduction with instruction-guided
information extraction.

3 Methods

Figure 2 details the workflow of IDR5, and we di-
vide the internal process of each iteration round
in A-RAG into three phases: retrieval, prefilling,
and decoding. When processing a query, cached
document representations in the CICS module are
first verified. These representations are loaded and
combined with uncached documents for prefilling,
where the IDGR module guides LLMs to prior-
itize relevant content while filtering noise. Be-
fore each autoregressive step, matching subsequent
phrase fragments are queried in the IGPG module
to enable parallel generation. Ultimately, these ap-
proaches enhance the overall efficiency of A-RAG.
Details of each module are given respectively in
the remainder of this section.

3.1 Cross-Iterative Cache Sharing (CICS)

A-RAG (Zhao et al., 2023; Jiang et al., 2023; Yang
et al., 2023b; Su et al., 2024; Zhang et al., 2024)
relies on multiple rounds of retrieval-generation in-
teractions to generate answers. We observe substan-
tial document overlap between adjacent retrieval
rounds. In light of this, duplicate representation for
overlapping documents introduces computational
redundancy, hampering the efficiency of A-RAG.

In order to avoid duplicate representation for
overlapping documents, we propose the cross-
iterative cache sharing (CICS) module. CICS ini-
tializes a cache space C to store Key-Value pairs
corresponding to the documents retrieved in each
round for each query q. Because A-RAG may mod-
ify the query at the end of each iteration, we denote
the initial user query as go. At round ¢, the retrieval
operation D; = Retrieve(q;) returns a set of n
documents D; = {d},d}, ..., d,} from the external
knowledge base. n denotes the maximum number
of documents that can be retrieved in each round.
Atround ¢, the LLM generates a sequence of tokens
Ay ={a},a?,...,a"} by:

ar, K, V; = LLMp(q;, Di, Acy) (1)
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A-RAG Workflow
Original query for round-1
When did John V, Prince ... die?

B[ [5881721] Anhalt-Plotzkay, .
(Z)  110028469] Principality of An...
» [12415199] John Louis I, Prin ...

Ove rlaps

Self Attention in Prefilling

(5] [12368478] John L, Prince ...

@'—»C@—» John ... July 1667. I

Self Attention in Prefilling

| @ Decoding

Updated query for round-2 I
John V, Prince Of ... -Bernbur

John VI
Anhalt-P1

VI of Anhalt-

John Louis II,
Anhalt-Zerbst's father

BCEE

|
|
I John VI of Anhalt-Bernburg
|
|

®

~
I VI of Anhalt-Zer

IGPG

Figure 2: The pipeline of our IDRs. The same color indicates the same document and representation.

ay, kj,vi = LLMp(qt, Dy, A<t, a5’ Ky, Vi)
K; = Concat(K, kz) 2)
V; = Concat(V}, v})
where the inference process of LLM is divided into
two stages: prefilling and decoding, represented
with LLMp and LLMp respectively. The K; and
V; represent the Key-Value pairs for D; and A;.
The a! denotes the i*" generated token and m rep-
resents the number of generated tokens. The Eq.(2)
denoted the autoregression process, which can only
generate one token at each step. It needs to be exe-
cuted through multiple steps to obtain the complete
A;. CICS stores the Ky, V; from Eq.(1), which is
the representation for D; as shown in Figure 2.
After receiving retrieved results Dy, CICS ex-
tracts existing representation from the cache to
avoid duplicate representation. Specifically, as the
example shown in Figure 2, CICS directly loads
the representation of documents #5881721 and
#12415199, then integrates them with the text of
document #12368478 for generation. This process
can be formalized as:

K?, V2, D? = Filter(D;, C)
a%a Kt7 V;f = LLMP(Qt7 D?J A<t7 Ktov ‘/;o)

where D7 is the document set that has been pro-
cessed in the previous round and appears again at
the current round D;. We can directly obtain its
corresponding representation K and V,? from C
without re-processing. For the new document set
D} = Dy \ Dy at the current round, the prefilling
is still required.

Eq.(3) optimizes the prefilling phase by reusing
the cached representation of overlapping docu-
ments in CICS, avoiding redundant computation.

3

3.2 Instruction-driven Deduplication
Guidance Reinforcement (IDGR)

The CICS provides efficient representation reuse
across rounds. Notably, the Key-Value represen-
tation of each document d} incorporates informa-
tion from previously processed documents through
self-attention. As an example illustrated in Fig-
ure 2, at round 1, the representation of document
#12415199 contains information from documents
#5881721 and #10028469 due to the self-attention
mechanism.

The IDGR employs natural language instruc-
tions I; in the prompt to guide the LLM in filtering
redundant cached information. This module helps
the model focus on relevant content for the current
round, thereby ensuring high-quality generation.
At each iteration, the instruction Iy is automatically
generated based on two rules and is subsequently
utilized during the prefilling phase, as:

at, K, Vi = LLMp(qi, DY, Act, RO, I;) - (4)

where Rf is the K7, V,°. As shown in Figure 2,
the representation of document #10028469 is ex-
cluded from the computation. Furthermore, explicit
instructions guide the LLM to ignore the informa-
tion contained in the representation of document
#12415199.

The instruction I is generated according to two
rules: First, we use document identifiers to explic-
itly tell the LLM which documents are relevant and
which are irrelevant for the current generation. This
helps the LLM focus on pertinent context while
filtering out redundant information. Second, we
provide document relevance rankings to the LLM.
In cases where we cannot directly adjust the input
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order of documents based on their importance, ex-
plicit instructions guide the LLM to prioritize more
relevant documents.

In practice, I; can be implemented with simple
natural language directives, leveraging the strong
semantic understanding capabilities of LLMs. For
instance, in the second round shown in Figure 2, the
instruction is formulated as: “#5881721 ... are re-
lated docs. #10028469 is unrelated. The relevance
scores are ...”. The relevance scores can be ob-
tained through either retriever rankings' or model-
based scoring methods”. While scoring methods
are not the focus of our study, they can be seam-
lessly integrated into our approach.

3.3 Information-Guided Parallel Generation
(IGPG)

BN Round 1
Round 2

73.06%
2.79%

40 38.17%

Coverage ratio (%)

479  26.50%

19.04%
20 15.23% 4

10.26%

N consecutive tokens

Figure 3: The x-axis represents the length of consecutive
token combinations in the generated results. The y-
axis represents the proportion of all combinations in
the generated results that appear in the retrieved results.
(LLaMAZ2-7B, 2WikiMultihopQA).

RAG differs from standard LLM applications in
its access to extensive external context. For a given
query ¢, standard LLM inference can only utilize ¢
itself, whereas RAG leverages both ¢ and retrieved
documents D;. Furthermore, in different iterations
of A-RAG, the LLM-generated content maintains
high relevance to the retrieved documents Dy, as il-
lustrated in Figure 3. This relevance plays a crucial
role in determining the current round’s output. The
LLM generates a significant amount of existing
content. The autoregressive process of token-by-
token generation primarily contributes to the low
efficiency. In contrast to standard LLM generation,
we have the information of D;, which contains a
substantial portion of the content that LLM must
generate. Consequently, we can utilize the informa-
tion from D; to guide LLM in avoiding the inde-

"https://github.com/Muennighoff/sgpt
“https://huggingface.co/BA Al/bge-reranker-base

pendent autoregressive representation process for
existing content. By constructing phrase fragments
and verifying multiple tokens during autoregres-
sion, parallel generation can be achieved.

Different with traditional speculative decoding
approaches, IGPG requires neither the construc-
tion of small language models nor training. Dur-
ing each RAG iteration, IGPG uses D; to con-
struct a approximate probabilistic language model
P(wt|x1, ceey xtfl) ~ P(.Z't|l‘t_N+1, ceey $t,1), N
is the number of recent tokens.

Our IGPG has two steps as speculative decod-
ing approaches: draft generation and LLM paral-
lel generation. In the draft generation, by iterat-
ing M steps, the module constructs a M-length
draft token sequence /lt’k = {d;k, &ik, ...,&%C ,
k denotes the k-th autoregression step. During
LLM parallel generation, the LLLM validates the
draft token sequence through a forward pass by
P(di};M+1|a§,i_1, d;k, s d%). The LLM exam-
ines whether each draft token aligns with the cur-
rent output, as Eq.(5). When a draft token di ;; fails
validation, it is substituted with the LLM’s i)redic—
tion dﬁl, and draft generation resumes from this
point until the complete sequence A; is produced.

~J
i)
Ak = =51
@ ke
~0 —i+M+1y _ <i A
where {@; ., ..., a;; "} = LLMp(agy,_y, Aeg),
0

— 7: .
a, y, corresponds to a; , , autoregressive.

p A i1 .
if aj ;, = aik i>1 )
otherwise & stop

If at least one token in the flti i 1s validated by the
LLM, combined with the token generated by the
LLM itself, the total number of generated tokens is
at least two, achieving a least 2x speedup.

4 Experiments

4.1 Language Models

We employed the LLaMA2-7B/13B (Touvron et al.,
2023) (L2-7B/13B) and the Vicuna-7B/13B (Chi-
ang et al., 2023) (V-7B/13B). The Vicuna model
is a chatbot fine-tuned on ShareGPT conversation
data. It contains different knowledge from LLaMA
and has an impact on A-RAG inference.

4.2 Downstream Task Datasets

We use the 2WikiMultihopQA (Ho et al., 2020),
HotpotQA (Yang et al., 2018), StrategyQA (Geva
et al., 2021) and IIRC (Ferguson et al., 2020) as
DRAGIN (Su et al., 2024). The datasets span multi-
hop question answering, common sense reason-
ing, and reading comprehension, covering different
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Methods LLMs 2WikiMultihopQA HotpotQA StrategyQA IIRC

) " | Pref. T Deco. © E2E1 | Pref. + Deco. © E2E? | Pref. T Deco. ¥ E2E 1 | Pref. © Deco. T E2E 1

L2-7B | 2.23x  237x  1.75x | 227x  1.85x 1.53x | 1.75x  1.49x  1.40x | 3.08x 2.76x  2.10x

FLRAG+IDRy | L2-13B | 2.12x  2.36x  1.64x | 2.29x  2.00x 1.54x | 1.76x  1.62x 1.40x | 2.70x  2.65x  1.83x
V-13B | 2.05x  2.25x 1.60x | 2.22x  197x 1.51x | 1.65x  1.55x 1.31x | 2.66x 2.72x  1.82x

L2-7B | 2.04x  2.64x 2.32x | 241x 1.88x 1.69x | 2.36x 1.97x  1.79x | 292x  2.88x  2.20x

FSRAG+IDRy | L2-13B | 2.11x  247x  1.79%x | 2.16x  2.05x  1.59x | 1.74x  1.59x 144x | 2.16x 2.65x 1.74x
V-13B | 2.23x  231x  1.75x | 2.15x  231x  1.66x | 2.02x 1.78x  1.53x | 2.35x  2.69x  1.92x

L2-7B | 2.81x 2.74x 2.60x | 3.12x  2.61x 231x | 2.71x 227x 1.77x | 3.54x 297x 2.89x

FLARE+IDRy | L2-13B | 1.98x  2.24x  2.16x | 242x  1.87x 1.80x | 245x 1.71x 1.69x | 3.58x  3.15x 3.01x
V-13B | 2.04x  2.14x 2.06x | 2.27x 2.07x 198x | 2.05x 1.93x 1.89x | 2.70x  2.24x 2.22x

L2-7B | 3.34x  2.77x 252x | 4.09x  2.08x 2.09x | 3.39x 198x 1.95x | 449x 2.58x 2.58x

DRAGIN+IDRy | L2-13B | 3.25x  3.21x  2.61x | 397x  2.15x 2.01x | 3.15x 198x 1.87x | 425x 2.86x 2.65x
V-13B | 3.57x 2.81x 2.55x | 414x 229x  2.15x | 3.25x  1.88x 1.82x | 4.72x  4.00x  3.53x

Table 1: The average speedup ratios of IDRy across different methods, models, and datasets. Pref. (prefilling)
demonstrates acceleration achieved through CICS and IDGR. Deco. (decoding) shows speedup from IGPG. E2E
(end-to-end) reflects the overall A-RAG acceleration, encompassing retrieval. (n = 3, 1 x = baseline speed)

2WQA HQA SQA IIRC
LLMs Methods EMT FIT |EMT FIT | Acc.T | EMT Fl7

T DRAGINt 225 2868 | 226 33.02| 6510 | 1593 20.24
amaz- DRAGIN+Ours | 25.4 33.17 | 229 3259 | 6250 | 16.04 20.24

lamao.135 | DRAGINt 304 3991 | 31.6 42.60 | 66.10 | 185 22.59
DRAGIN+Ours | 34.4 41.50 | 299 41.01 | 65.77 | 18.55 22.11

e 13p | DRAGING 254 3490 | 301 4250 | 66.20 | 23.90 28.11
vicuna- DRAGIN+Ours | 28.9 36.77 | 31.7 42.58 | 68.00 | 21.59 26.8

Table 2: The performance comparison on different datasets with different models. The T represents the reproduction.

types of reasoning tasks. For more detailed settings,
please refer to the Appendix A.2.

4.3 Baselines

We selected four representative A-RAG methods
as baselines. These methods are characterized by
two key aspects: retrieval timing and query con-
struction. Retrieval timing determines when to
perform retrieval, while query construction decides
what content to use for retrieval. These features
directly impact both the quality and efficiency of
A-RAG workflows. FL-RAG (Khandelwal et al.,
2019; Borgeaud et al., 2022; Ram et al., 2023) re-
trieves every z tokens using previous tokens as
queries, FS-RAG (Trivedi et al., 2023) performs
retrieval after each sentence, FLARE (Jiang et al.,
2023) triggers retrieval for uncertain tokens, using
the last generated sentence as the query, and DRA-
GIN (Su et al., 2024) employs a dynamic approach
based on content importance and uncertainty, uti-
lizing attention distribution for query construction.

4.4 TImplementation Details

For the retrieval modules, we select BM25 and fol-
low DRAGIN (Su et al., 2024). Additionally, we
also investigate replacing BM25 with SGPT (Muen-
nighoff, 2022), a dense retrieval method. Our ex-
ternal knowledge is based on Wikipedia articles,
which are divided into passages containing 100 to-
kens each. For the 7B and 13B models, we use four
Nvidia 3090 GPUs and four H800 GPUs, respec-
tively. n is the number of retrieved documents. Our
IDR3 based on the PyTorch (Paszke et al., 2019),
details in the Appendix A .4.

4.5 Main Results

Table 1 shows the results of our approach applied
to the different A-RAG methods, different models
with scales, and different scenarios. Table 1 shows
the acceleration ratios over baseline methods.
Overall, our method demonstrates end-to-end
speed improvements ranging from 1.31x to 3.53x.
During the prefilling phase, we observe accelera-
tion factors from 1.75x to 4.72x. These results
substantiate the efficacy of our proposed CICS and
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Figure 4: The analysis of speedup for different numbers of retrieved documents.

IDGR mechanisms in effectively eliminating re-
dundant representations. For the decoding phase,
the IGPG technique achieves speedup ratios from
1.49x to 4.00x through the reduction of autoregres-
sive inference iterations. A comparative analysis
between the LLaMA2-7B and 13B architectures
(underlining indicates better results) shows slightly
better results for the 7B variant. We consider that
this effect stems from the fact that smaller mod-
els require less additional overhead to store and
load representations. Of the various A-RAG meth-
ods, the most significant performance improvement
(4.72x for prefilling) is achieved when applying
IDR5 to DRAGIN. We attribute this to the query re-
finement mechanism of DRAGIN which improves
query similarity, a property that effectively syner-
gizes with our representation reduction approach.

Models | Methods | Pref. (s){ Deco. (s)| E2E (s)]

DR. 3.71 12.55 19.31
L2-78 DR.+Ours 1.18 6.07 9.56
DR. 3.84 19.26 26.31

L2-13B DR.+Ours 1.24 8.06 12.34
Vo136 DR. 434 25.03 33.47
DR.+Ours 1.29 10.49 15.18

Table 3: The runtime of IDR, on 2WikiMultihopQA
dataset (n = 3), DR. denotes DRAGIN (Su et al., 2024).

The specific runtime of the different phases in
the generation process are exhibited in Table 3. Our

experiments reveal that even on high-end NVIDIA
H800 GPUs, 13B-parameter models require 26.31-
33.47 seconds to process a single request. The
proposed method significantly reduces the overall
latency to 9.56-15.18 seconds, demonstrating sub-
stantial performance improvements and enhanced
practicality for real-world deployment.

Table 2 shows the performance of applying the
IDRs to the DRAGIN method. The experimen-
tal results show that our approach effectively pre-
serves the original performance while exhibiting
strong adaptability and generalization across dif-
ferent models and tasks. Notably, our method also
carries some enhancements on 2WikiMultiHopQA.
We also provide performance results applied to
other methods, in the Appendix A.10.

4.6 Ablation studies
4.6.1 Impact of Retrieval Size

We analyze the impact of varying numbers of re-
trieved documents on A-RAG, with results visual-
ized in Figure 4. As the document count increases,
the context length grows monotonically, resulting
in progressively higher prefilling overhead propor-
tion. Our approach maintains consistent speedup
advantages across both prefilling and decoding.

4.6.2 Impact of Different Retrievers

Table 4 demonstrates the effectiveness of IDR
across different retrievers. Substituting the retriever
with SGPT results in an EM score of 29.6 and a
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Without RAG Round 1

@ [3596518]Giuseppe Cesari ... .

Question: Who lived longer, Giuseppe
Cesari or Nicos Poulantzas?

[3596521]in his studio. Other ...

&%{

Answer: Giuseppe Cesari lived from

([=]) 1566 to 1640. Nicos Poulantzas lived

from 1920 to 1979.

@ 04 Bernardino Cesar

. Answer: Nicos Poulantzas was born on

: @ 24 October 1936 and died on 22 March

. 1979. Giuseppe Cesari was born on 15

N February 1568 and died on 3 July 1640. .
Thus, Giuseppe Cesari lived

Timeline

: @ 24 October 1936 and died on 22 March

Round 2 . Round 3
| (146490741Nicos Poulantzas .. ) @ 13596518| Giuseppe Cesari ..
24 [2) (3596s181Giuscppe Cesari .. 13596521]in his studio. Other ...
& 7 B a
[4649080] .. at the center of .. | @

Answer: Nicos Poulantzas was born on Answer: Nicos Poulantzas was born on 24
October 1936 and died on 22 March
1979. Giuseppe Cesari was born on 15
February 1568 and died on 3 July 1640.
Thus, Giuseppe Cesari lived longer. So the
answer is Giuseppe Cesari. </s>

1=
1979. Giuseppe Cesari was born on 15 .

February 1568 and died on 3 July 1640. .
Thus, Nicos Poulantzas lived longer. So |
the answer is Nicos Poulantzas

DRAGIN - Prefilling cost: 0.96s
IGIR-ARAG  : Prefilling cost: 0.96s

: -

cre(S) = [E)

Decoding cost: 4.24s . Prefilling cost: 0.94s
Decoding cost: 2.16s : Prefilling cost: 0.41s

. Prefilling cost: 1.04s
: Prefilling cost: 0.20s

Decoding cost: 4.04s Decoding cost: 4.24s

Decoding cost: 1.73s Decoding cost: 2.45s

———8 - D ——og
fﬁfsj E 16rG(=) () ) EEEjED cr6(F) = [E)

Figure 5: The detailed process of A-RAG based on a specific example, with LLaMA-13B.

Method ‘ Retriever ‘ EM 1 ‘ E2E t
DRAGIN BM?25 30.4 1x

DRAGIN + IDR, | BM25 344 | 2.61x
DRAGIN SGPT 27.3 1x

DRAGIN +IDRjy SGPT 29.6 | 2.73x

Table 4: Analysis of different retrievers on the 2Wiki-
MultihopQA with LLaMA2-13B (n = 3).

speedup ratio of 2.73 x. The consistent perfor-
mance and acceleration above 2.6 x across both
frequency-based and semantic retrievers confirms
the adaptability of IDR,.

5 Analysis

5.1 Do these modules impact performance?

Table 5 shows how different modules affect the
generation quality. The redundant information
in the CICS module impacts the generation qual-
ity of LLM. This is evident in the performance
of LLaMAZ2-7B, where EM dropped from 22.0
to 20.3, with LLaMA2-13B showing similar de-
creases. The introduction of IDGR not only al-
leviates the adverse effects of redundant informa-
tion but also brings additional performance gains.
The LLaMA2-7B achieves EM scores of 25.4, and
LLaMAZ2-13B reaches 34.4. These results confirm
that IDGR successfully maintains inference quality.

5.2 Specific Case Studies

Figure 5 shows three iterative rounds. In Round
1 (empty CICS), baseline prefilling takes 0.96s.
IGPG reduces decoding time from 4.24s to 2.16s.
After hallucination detection, the process enters
Round 2. IDR; reuses the cached representations
of #359518 in CICS, saving 0.53s (prefilling). Dur-
ing the decoding process, IGPG builds fragment
models, saving 2.31 seconds. For example, Nicos

Poulantzas requires six token-level autoregression:
_N, icos, _P, oul, ant, zas. After applying IGPG,
only one autoregression is needed after the prefix
"Nicos," is generated, achieving 4 x local accelera-
tion. Similarly, dates like October 1979, September
1936, February 1568 achieve 4 x acceleration by
retrieving corresponding fragments from IGPG us-
ing month information. At Round 3, LLM further

LLaMA2-7B | LLaMA2-13B
CICS IGPG IDGR | pom——p—Eyrr — F1 7
- - - | 225 2868 304 3991
v - - | 203 2688 | 280 37.49
- v - | 224 2851 304 40.02
v v - | 202 2678 | 283 37.62
v v v | 254 3317 344 4150

Table 5: Analysis of the impact of different modules on
2WikiMultihopQA based on DRAGIN.

confirms Giuseppe Cesari’s lifespan and generates
the right answer. With all representations already in
CICS, the prefilling time reduces by 0.804 seconds
(about 80% of DRAGIN’s original time), achieving
5% speedup. Total savings reach 1.334s (prefilling)
and 6.16s (decoding), summing to 7.494s (48.47%
reduction) over DRAGIN’s 15.46s, achieving 1.95x
end-to-end acceleration. A more detailed explana-
tion can be viewed in the Appendix A.1.

6 Conclusion

This paper presents IDRs, a model-agnostic ap-
proach that significantly improves the efficiency
of A-RAG by addressing redundant representation
processing across multiple iterations. To prevent
redundant computation, this paper introduces the
CICS module for caching document representa-
tions. The IDGR module then guides the genera-
tion process to focus on crucial information through
the instruction-following capability of LLMs. Fur-
thermore, the IGPG module leverages the corre-
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lation between generated content and documents
to enable parallel generation of existing content,
reducing autoregressive rounds. Through extensive
experiments, IDR, consistently demonstrates re-
markable efficiency improvements, achieving up
to 2.0x acceleration while maintaining generation
quality. Our future work aims to further compress
the KV cache while preserving its representation
capabilities.

7 Limitations

We acknowledge the limitations of this paper. Al-
though our method is a general approach, it re-
quires the corresponding LLLM to be open-source
to apply the CICS and IGPG technologies in this
paper. It should be noted that the method in this pa-
per is not applicable to LLM APIs that only support
text-based interfaces. Therefore, our future work
also aims to develop more methods to overcome
the limitations of similar scenarios.
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A Example Appendix
A.1 More Detail for Case Study

Figure 6 demonstrates the detailed process of run-
ning the LLaMA2-13B model with both the origi-
nal DRAGIN and our proposed IGIR-ARAG frame-
work on the 2WikiMultihotQA dataset. Initially,
the model receives the question Who lived longer,
Giuseppe Cesari or Nicos Poulantzas?. Without
accessing external knowledge, LLM generates the
answer Giuseppe Cesari lived from 1566 to 1640.
Nicos Poulantzas lived from 1920 to 1979. Thus,
Nicos Poulantzas lived longer., shown in the With-
out RAG phase. After hallucination detection
indicates low confidence, the process enters the
RAG phase, retrieving three documents numbered
#3596518, #3596521, and #10413313.

In Round 1, with CICS initially empty, no pre-
filling acceleration occurs, taking 0.96 seconds.
IGPG then models the three documents, reduc-
ing the Decoding time from 4.24 to 2.16 seconds
through parallel decoding. After detecting halluci-
nation in the generated answer, the process enters
Round 2. Here, CICS reuses document #359518’s
representation, saving 0.53 seconds in prefilling.
During decoding, IGPG builds fragment models
for document reuse, saving 2.31 seconds through
parallel decoding. For example, Nicos Poulantzas
requires six token inferences: _N, icos, _P, oul,
ant, zas. With IGPG modeling, only one inference
is needed after the prefix "Nicos," achieving 4 x
local acceleration. Similarly, dates like October
1979, September 1936, February 1568 achieve 4 x
acceleration by retrieving corresponding fragments
from IGPG using month information.

In Round 2, despite accurately obtaining both
individuals’ lifespans, the comparison is incorrect,
leading to Round 3. Here, LLM further confirms
Giuseppe Cesari’s lifespan and generates the right
answer. With all documents already in CICS, the
prefilling time reduces by 0.804 seconds (about
80% of DRAGIN’s original time), achieving 5x

speedup. Finally, LLM correctly compares the
information and provides the right answer.

Throughout this case, the framework saves 1.334
seconds in prefilling and 6.16 seconds in Decod-
ing, totaling 7.494 seconds saved. Compared to
DRAGIN’s original 15.46 seconds, this represents a
48.47% time reduction, achieving 1.95x speedup.

A.2 Dataset Setting

For 2WikiMultihopQA, we followed Wang et al.’s
approach for generating reasoning chains and an-
swers, while incorporating prompt templates from
Trivedi et al. (2023) and Jiang et al. (2023). The
HotpotQA implementation followed Trivedi et al.
(2023)’s settings and prompt templates. Both
datasets employ Exact Matching at the answer level
and F1 scores at the token level. For common sense
reasoning evaluation, we adopted the StrategyQA
dataset (Geva et al., 2021), implementing Wei et al.
(2022)’s methodology and prompt templates, along
with insights from Jiang et al. (2023). The evalu-
ation uses Exact Matching to compare generated
yes/no answers with standard answers. For reading
comprehension capabilities, we adopted the IIRC
dataset (Ferguson et al., 2020) following Trivedi
et al. (2023)’s setup and evaluation metrics similar
to 2WikiMultihopQA.

For the prompt templates of different datasets,
we use the configuration of the DRAGIN (Su et al.,
2024). The number of test samples and the specific
test sample ids used for each dataset are kept con-
sistent with DRAGIN (Su et al., 2024). We use 8
shots for those datasets in prompt.

A.3 Impact of A-RAG Rounds

We analyzed the impact of our method on the
rounds of A-RAG, as shown in Table 7. Our IDRy
maintains comparable round counts (Ours: 2.34-
4.77 vs. DRAGIN: 2.68-5.33), demonstrating that
our method adheres to the original design princi-
ples of DRAGIN.

A.4 Description of the libraries used in the
implementation

Our code is developed based on PyTorch (Paszke
et al., 2019), with the data loading module con-
structed on the open source code provided by DRA-
GIN (Suetal., 2024). We used Elasticsearch-7.17.9
for BM25.
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Without RAG Round 1 Round 2 Round 3

(Dm0 ) [ )
b o H =T g4 =}
Lo o | ) () ()
Answer: Giuseppe Cesari lived from Answer: Nicos Poulantzas was born on Answer: Nicos Poulantzas was born on Answer: Nicos Poulantzas was born on 24
@ 1566 to 1640. Nicos Poulantzas lived : @ 24 October 1936 and died on 22 March  : @ 24 October 1936 and died on 22 March  : @ October 1936 and died on 22 March
from 1920 to 1979. . 1979. Giuseppe Cesari was born on 15 1979. Giuseppe Cesariwas bornon 15 . 1979. Giuseppe Cesari was born on 15
N February 1568 and died on 3 July 1640. . February 1568 and died on 3 July 1640. . February 1568 and died on 3 July 1640.
Thus, Giuseppe Cesari lived N Thus, Nicos Poulantzas lived longer. So | Thus, Giuseppe Cesari lived longer. So the
Timeline : the answer is Nicos Poulantzas . answer is Giuseppe Cesari. </s>
DRAGIN - Prefilling cost: 0.96s Decoding cost: 4.24s . Prefilling cost: 0.94s Decoding cost: 4.04s . Prefilling cost: 1.04s Decoding cost: 4.24s
IGIR-ARAG  : Prefilling cost: 0.96s Decoding cost: 2.16s : Prefilling cost: 0.41s Decoding cost: 1.73s : Prefilling cost: 0.20s Decoding cost: 2.45s
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: cre(S) = E) I:] cr(E)F) =) ¢ EII:I er(S) =)
. . (] . (]
Figure 6: The detailed process of A-RAG based on a specific example, with LLaMA-13B.
Dataset statistics
2WikiMultihopQA HotpotQA IIRC StrategyQA
Task multi-hop QA multi-hop QA reading comprehension QA commonsense QA
#Examples 1000 1000 954 1000
Evaluation settings
2WikiMultihopQA HotpotQA IIRC StrategyQA
Metrics EM, Fl1, Prec., Rec. =~ EM, Fl1, Prec., Rec. EM, Fl1, Prec., Rec. Accuracy

Table 6: Dataset statistics and experimental settings from DRAGIN (Su et al., 2024).

LLMs | Methods | 2WMQA HQA SQA IIRC Prompt (Fewshots)

DR. 2.68 326 533 273 . . g
L27B e ous T 232 377 47T 208 Question: When did the director of film
. . s

12138 | PR 274 3.69  4.66 3.06 Hypocrite (Film) die . :
- DR +0urs | 241 345 425 249 Answer: The film Hypocrite was directed
by Miguel Morayta. Miguel Morayta died
V-13B DR. 3.02 347 441 328 on 19 June 2013. So the answer is 19 June

DR.+Ours 2.44 298 393 2.60 ’
2013.

Table 7: The number of rounds of A-RAG. February 1959. Ivania Martinich was born

on 25 July 1995. Thus, Martin Hodge was
born first. So the answer is Martin Hodge.
Question: Which album was released ear-
lier, Ngrtd or Everything I Love? Answer:
Ngrtd was released on May 18, 2015 by
Bomayé Music. Everything I Love was re-
leased on October 29, 1996. Thus, Every-
thing I Love was released earlier. So the
answer is Everything I Love.

A.5 Details of Prompt Template

The IDGR employs the prompt to guide the LLM
in filtering redundant cached information, as shown
below.

Step2: Input the retrieved documents into the

Stepl: Learning from fewshots. LLM.
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Prompt (Retrieved documents)

Context:

[1672255] Christian August, Prince of
Anhalt-Zerbst Christian August......
[12419160] Frederick Augustus, Prince
of Anhalt-Zerbst Frederick Augustus,
Prince......

[1672259] 1727 in Vechelde, Christian Au-
gust married Johanna Elisabeth. ... ..

Step3: Using IDGR to guide the model to focus
on relevant content for the current round.

IDGR

Document: [12368478] is related.
Document: [10028469] is unrelated.
The relevance scores are:

[12415199] Score: 3

[5881721] Score: 2

[12368478] Score: 1

Answer in the same format as before.

\.

A.6 Results Calculation Methodology

The calculation method of the speedup ratio pre-
sented in Table 8: first compute the individual
speedup ratio for each sample, then calculate the
arithmetic mean of all the ratios. The calculation
method of the speed presented in Table 9 is calcu-
lated by taking the arithmetic mean of all sample
speeds. Notably, the speedup ratio calculated by
dividing the average speeds recorded in Table 9
differs from the result shown in Table 8, which is
obtained by averaging individual sample speedup
ratios.

A.7 Explanation of Overlap Rate

Figure 7 shows the overlap rate of the retrieved
documents between different rounds. For example,
as illustrated in Figure 7a, in the case of retrieving
3 documents, 25% of the samples have an overlap
rate between 0% and 33%, 25% have an overlap
rate between 33% and 66%, 25% have an overlap
rate of 66%, and the remaining 25% have an over-
lap rate greater than 66%. The red dots represent
the mean of the overlap rate in different numbers
of retrieved documents. For example, in Figure 7b,
when the number of the retrieved documents is 5,
the mean overlap rate of the retrieved documents
between the first and third rounds is 37.95%.
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(a) Overlap rate comparison between round 1 and round 2.
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(b) Overlap rate comparison between round 1 and round 3.
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(c) Overlap rate comparison between round 1 and round 4.

Figure 7: The overlap rate comparison between different
rounds.

A.8 The efficiency of IDR; on different
devices

To verify whether IDR5 has the same effect on dif-
ferent hardware devices, we tested the runtime of
LLaMA-7B on the 2WikiMultihopQA dataset on
Nvidia 3090 GPU and Nvidia H800 GPU respec-
tively. As shown in Figure 9, we tested the runtime
when setting different numbers of retrieved doc-
uments. The experimental results show that our
IDR, framework achieves consistent performance
improvements across different hardware devices.

A.9 Hyperparameters Analysis of M, N

. M=1

M=3
- M=5
. M=7
. M9

in

Speed-up Ratio
)

N Value

Figure 8: The speed-up ratios achieved with different
combinations of M, N.

We conducted extensive experiments using
LLaMA2-7B on the 2WikiMultihopQA dataset
to evaluate the impact of different queue depths
(M) and thread counts (N) on processing speed,
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as shown in Figure.8. Based on these results, we
chose N=5 and M=7 as our optimal configuration.

A.10 More Results

The results of acceleration for different models are
listed in Table 8. The results of the runtime on
different models are listed in Table 9. The results
of performance using other methods are listed in
Table 10. Table 11 shows the average number of
documents cached per round and the corresponding
memory requirements for different retrieval docu-
ment formats. Table 12 adds an independent exper-
imental result on the combination of CICS+IDGR.
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2WikiMultihopQA HotpotQA StrategyQA IIRC
Models Methods  1=5eF T Deco. \p E2E | Pref. | Deco. [ E2E | Pref. | Deco. [E2E | Pref. | Deco. | E2E
FLRAG 1x 1x 1x 1x 1x Ix 1x 1x 1x 1x 1x 1x
FLRAG+Ours | 2.23x  2.37x 1.75x | 2.27x 1.85x 1.53x | 1.75x 1.49x 1.40x | 3.08x 2.76x 2.10x
FSRAG 1x 1x 1x 1x 1x Ix 1x 1x 1x 1x 1x 1x
Liama2-7B FSRAG+Ours | 2.04x  2.64x 2.32x | 2.41x 1.88x 1.69x | 236x 1.97x 1.79x | 2.92x 2.88x 2.20x
FLARE 1x 1x 1x 1x 1x 1x 1x 1 x 1x 1x Ix 1x
FLARE+Ours | 2.81x 2.74x 2.60x | 3.12x 2.61x 231x | 2.71x 227x 1.77x | 3.54x 297x 2.89x
DRAGIN 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x Ix 1x
DRAGIN+Ours | 3.34x  2.77x 2.52x | 409x 2.08x 2.09x | 3.39x 1.98x 1.95x |449x 2.58x 2.58x
FLRAG 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x
FLRAG+Ours | 2.12x 2.36x 1.64x | 2.29x 2.00x 1.54x | 1.76x 1.62x 1.40x | 2.70x 2.65x 1.83x%
FSRAG 1x Ix 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x
Llama2-13B FSRAG+Ours | 2.11x  247x  1.79x | 2.16x 2.05x 1.59x | 1.74x 1.59x 1.44x | 2.16x 2.65x 1.74x
FLARE 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x
FLARE+Ours | 1.98x 224x 2.16x | 2.42x 1.87x 1.80x | 245x 1.71x 1.69x | 3.58x 3.15x  3.01
DRAGIN 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x
DRAGIN+OQurs | 3.25x 3.21x  2.61x | 397x 2.15x 201x | 3.15x 198x 1.87x | 4.25x 2.86x 2.65x%
FLRAG 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x
FLRAG+Ours | 1.55x 2.24x 1.89x | 1.53x 2.14x 1.76x | 1.22x 1.64x 1.46x | 1.75x 2.27x 1.92x
FSRAG 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x
Llama2-70B FSRAG+Ours | 1.61x 2.60x 2.33x | 1.68x 248x 227x | 1.64x 2.32x 220x | 1.82x 2.83x 2.62x
FLARE 1x 1x 1x 1x 1x 1x 1x Ix 1x 1x 1x 1x
FLARE+Ours | 1.87x 2.09x 1.99x | 2.33x 1.85x 1.81x | 2.34x 1.69x 1.65x | 3.68x 3.06x 2.98x
DRAGIN 1x 1x 1x 1x 1x 1x 1x Ix 1x 1x 1x 1x
DRAGIN+OQurs | 3.02x  2.67x 2.23x | 3.37x 2.16x 1.98x | 299x 1.65x 1.64x | 3.31x 2.79x 2.71x
FLRAG 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x
FLRAG+Ours | 2.09x 2.21x 1.68x | 2.29x 196x 1.61x | 1.72x 1.61x 1.37x | 2.81x 2.48x 1.84x
FSRAG 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x
Vicuna-7B-v1.5 FSRAG+Ours | 2.44x  2.92x  2.19x | 2.11x 2.00x 1.78x | 1.69x 1.64x 1.53x | 2.59x 2.49x 2.16x
FLARE 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x
FLARE+Ours | 2.01x 2.09x 1.98x | 2.11x 2.05x 1.93x | 1.96x 1.88x 1.74x | 2.65x 2.22x 2.19%
DRAGIN 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x
DRAGIN+OQurs | 3.84x 2.76x 2.54x | 3.97x 198x 2.00x | 3.46x 2.25x 2.17x | 440x 239x 2.31x
FLRAG 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x
FLRAG+Ours | 2.05x 2.25x 1.60x | 2.22x 197x 1.51x | 1.65x 1.55x 1.31x | 2.66x 2.72x 1.82x
FSRAG 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x
Vicuna-13B-v1.5 FSRAG+Ours | 2.23x  231x  1.75x | 2.15x  231x 1.66x | 2.02x 1.78x 1.53x | 2.35x 2.69x 1.92x
FLARE 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x
FLARE+Ours | 2.04x 2.14x 2.06x | 2.27x 2.07x 198x | 2.05x 1.93x 1.89x | 2.70x 2.24x 2.22x
DRAGIN 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x 1x
DRAGIN+OQurs | 3.57x 2.81x 255x | 4.14x 229x 2.15x | 3.25x 1.88x 1.82x | 4.72x 4.00x 3.53x
Table 8: The average speedup ratios before and after applying the IDRs framework.
2WikiMultihopQA HotpotQA StrategyQA IIRC
Models Methods Pref. ‘ Deco. ‘ E2E | Pref. ‘ Deco. ‘ E2E | Pref. ‘ Deco. ‘ E2E | Pref. ‘ Deco. ‘ E2E
Llama2-7B DRAGIN 371 1255 1931 | 550 21.61 31.83 | 6.81 2899 41.79 | 473 2531 33.75
DRAGIN+Ours | 1.18  6.07 9.56 | 1.49 12,58 1826 | 2.19 18.22 2571 | 1.18 12.29 16.20
Llama2-13B DRAGIN 3.84 1926 2631 | 6.20 27.11 3990 | 597 40.01 52.62 | 529 4130 51.24
DRAGIN+Ours | 1.24 8.06 1234 | 1.79 1635 2474 | 2.12 2625 3474 | 1.33 17.50 2298
Vicuna-7B-v1.5 DRAGIN 456 1640 24.07 | 590 16.83 27.66 | 5.11 19.20 28.11 | 5.63 33.63 43.38
’ DRAGIN+Ours | 1.30 7.62 11.61 | 1.59 958 15.60 | 1.69 1135 16.59 | 1.47 17.71 23.08
Vicuna-13B-v1.5 DRAGIN 434 2503 3347|596 21.55 3369|577 3198 4394 | 576 5421 6547
DRAGIN+Ours | 1.29 1049 15.18 | 1.53 1045 17.30 | 1.93 19.83 27.86 | 1.38 18.75 24.89

Table 9: The average runtime before and after applying the IDR, framework.
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2WQA HQA SQA IIRC
EMT FIT |EMT FIT | Acc. T |EMT FIT

FLRAGt 14.10 1949 | 15.10 2455 | 63.50 | 14.68 18.83

LLMs Methods

Llama2-7B | o pAG+Ours | 16.00 24.30 | 1370 23.53 | 62.30 | 1342 17.38
Uamaoi3p | FLRAGE [ 2190 32,63 [ 21.80 3343 | 66.70 | 1562 18.93

FLRAG+Ours | 2040 3026 | 17.50 28.52 | 64.60 | 1563 19.41
Vieuna.135 | FLRAGH | 790 2197 | 153 28.12| 61.60 | 922 1241

FLRAG+Ours | 6.80 12.83 | 14.20 2548 | 61.99 | 839 10.20

Table 10: The performance comparison on different datasets with different models. The } represents the reproduction.

Performance Analysis of LLaMA2-7B Model Tested on Nvidia 3090 GPUs
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(a) LLaMA2-7B prefilling cost. (b) LLaMA2-7B decoding cost. (c) LLaMA2-7B end-to-end cost.

Performance Analysis of LL.aMA2-7B Model Tested on Nvidia H800 GPUs
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Figure 9: The speed comparison under different number of retrieved documents.
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Methods Number of retrieved documents
3 s | 7
3 5 7
DRAGIN 0.24GB | 0.41GB 0.57GB
4.81 8.08 11.52
DRAGIN+IDR; 0.39GB | 0.66GB 0.95GB

Table 11: Comparison of memory cost for LLaMA2-7B
on 2WikiMultihopQA.

LLaMA2-7B
CICS IGPG IDGR |y
- - - | 225 28.68
v . -] 203 26288
- v - | 224 2851
v v -] 202 2678
v . v | 258 3326
v v v | 254 3317

Table 12: Analysis of the impact of different modules
on 2WikiMultihopQA based on DRAGIN.
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