The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

Mnemosyne: Accelerating Multi-Hop Question Answering via Cache Hit Order
Fitting

Haizhou Du, Jiujiu Li, Dongyang Li*, Luobin Huang, Lisheng Wang

Shanghai University of Electric Power
haizhou.du@shiep.edu.cn

Abstract

Multi-Hop Question Answering (MHQA) requires step-
by-step reasoning across multiple pieces of information
to answer complex questions. The cache-aided Retrieval-
Augmented Generation (RAG) can accelerate the process
of external knowledge retrieval at each reasoning step for
MHQA. However, existing methods focus on the internal
structure and ignore the misalignment between the queries’
arrival order and cache hit order. To tackle this, we propose
Mnemosyne, a cache hit order fitting method designed to
accelerate the RAG progress for MHQA. Specifically, our
cache-aware order fitting strategy adjusts the order of queries
arrival via graph reordering to better align with the cache
hit order, thereby reducing the likelihood of failed or un-
productive retrieval attempts. The multi-granularity caching
storage mechanism is designed to loosen the strict hit con-
dition to multiple similar semantic matching modes, facili-
tating that relevant documents can still be retrieved. Experi-
ments conducted on four multi-hop QA datasets demonstrate
that Mnemosyne effectively reduces retrieval latency while
enhancing task answer F1 score, achieving a superior trade-
off between efficiency and effectiveness.

1 Introduction

Large Language Models (LLMs) have demonstrated ad-
vancements across various tasks, including machine trans-
lation(Zhang et al. 2023; Liang et al. 2025), text summa-
rization(Wang et al. 2025a; Sahu, Vechtomova, and Laradji
2025), and question answering(Lin et al. 2025; D’Souza,
Babaei Giglou, and Miinch 2025), primarily owing to their
strong reasoning abilities. Nevertheless, these models suffer
from outdated knowledge and domain-specific limitations,
leading to factual errors in their outputs (Chen et al. 2025;
Zhang et al. 2025a). To address this, retrieval-augmented
generation (Hamza et al. 2025; Su et al. 2024) enables LLMs
to leverage external knowledge bases and information re-
trieval for more reliable and up-to-date information. This
mechanism strengthens LLMs’ performance, particularly on
complex tasks like multi-hop question answering(Yang et al.
2018), which necessitates multi-step reasoning to derive bet-
ter answers.
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Multi-hop question answering approaches employing
large language models generally fall into two main cate-
gories: (1) Closed-book Reasoning: These methods typi-
cally rely on the internal knowledge of large language mod-
els to generate answers. Techniques like QDAMR (Deng
et al. 2022b) delegate them to an external tool and achieve
the decomposition and answering of multi-hop questions
through intermediate products. More conveniently, Chain-
of-Thought (Wei et al. 2022) prompts LLMs to gener-
ate reasoning steps for complex questions progressively.
To enhance the zero-shot multi-hop reasoning capabili-
ties of LLMs, (Jiang et al. 2022) trains them on concate-
nated single-hop questions or logical forms to approxi-
mate real multi-hop natural language questions. PCL(Deng
et al. 2022a) augments LLMs trained in single-hop tasks by
adding extra sub-networks and learning soft prompts for the
novel sub-networks to perform type-specific reasoning. (2)
Retrieval-augmented Reasoning: This paradigm integrates
external knowledge retrieval to enhance LLM performance
on MHQA. Some approaches answer complex multi-hop
questions by iterative retrieval and decomposition (Wang
et al. 2025b; Shi et al. 2024; Ye et al. 2025). Taking this
a step further, some advanced methods model the retrieval
or decomposition process as a more complex tree structure
and perform multi-hop reasoning via a beam search strategy
(Zhang et al. 2024a; Chu et al. 2024). To dynamically man-
age the overhead for simple versus multi-step queries, some
adaptive methods determine the question type to dynami-
cally assign a retrieval strategy (Jeong et al. 2024; Zhang
et al. 2025b).

To improve retrieval efficiency, two main categories
of cache-aided RAG methods have been proposed: (1)
Retrieval-aided Caching. These approaches accelerate infer-
ence by reusing or prefetching query-related computations.
Examples include speculative retrieval and batch validation
(Zhang et al. 2024b), preloading resources into extended
contexts (Chan et al. 2025), and leveraging query similarity
for document reuse (Bergman et al. 2025). (2) Generation-
aided Caching. These methods optimize memory efficiency
by managing precomputed key-value states. Notable tech-
niques in this category are reusable-chunk caching (Park
et al. 2024), virtual memory-inspired attention partitioning
(Kwon et al. 2023), and multi-level dynamic caching of
intermediate knowledge states (Jin et al. 2024). However,
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Figure 1: Two reasons for cache miss. Figure 1(a) illustrates that under the condition of a limited cache capacity, semantically
similar questions are evicted due to long access intervals. This results in the inability to find these potentially useful entries
when needed, thereby leading to cache misses. Figure 1(b) explains that in question-answering tasks, an exact match cache fails
to leverage semantically similar but lexically different sentences, thereby causing the inability to utilize knowledge in cache.

the effectiveness of these cache-aided methods is inherently
constrained by the stiff hit condition and requests arrival or-
der in MHQA.

The performance of existing cache-aided methods can be
attributed to two primary reasons: (1) The order of requests
arrival is not a cache-aware order. As illustrated in Fig-
ure 1(a), a cache with limited capacity (e.g., storing only two
recent queries and their documents) can easily suffer misses
when a new query, similar to an earlier one, arrives, as the
original entry might have been evicted. (2) A cache with a
stiff hit condition is not suitable for a question-answering
task with ambiguity. As shown in Figure 1(b), even if an ex-
act match cache stores a semantically similar query and its
retrieved document, it may fail to recognize a new, slightly
varied query due to strict hit condition. To overcome these
critical limitations, our research specifically focuses on the
following question: How can we reduce the retrieval over-
head of RAG in MHQA with a limited-capacity cache?

To address this issue, we propose a cache hit order fit-
ting method designed to accelerate multi-step retrieval by
substantially boosting the cache hit rate, which we name
Mnemosyne. This method comprises two core components:
(1) cache-aware order fitting strategy. This strategy reorders
queries by increasing the overlap of named entities between
neighbor queries for an optimized sequence with high local-
ity.! (2) multi-granularity caching storage mechanism. Be-
sides the traditional exact-match cache, we develop a more
granular cache storing entity-document pairs, which pro-
vides a more flexible hit condition for a higher hit rate. We
evaluate our approach on four MHQA benchmarks. Empiri-
cal results demonstrate that our approach achieves a speedup
ratio of up to 1.81 x while simultaneously improving the an-
swer F1 Score by up to 13 points, thus offering a superior
efficiency-effectiveness trade-off.

Our main contributions are summarized as follows:

* We propose Mnemosyne, a cache hit order fitting method

'Cloud service providers possess finite hardware resources,
limiting the number of requests they can process concurrently.
Faced with a massive volume of requests, they are compelled to se-
rialize them. By implementing appropriate request reordering, the
total request processing time can be reduced.
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for multi-round retrieval that improves the cache hit rate
to provide acceleration.

We introduce a cache-aware order fitting strategy that
enhances the utilization rate of cache entries by mak-
ing similar questions closer in sequence. We further pro-
pose the multi-granularity caching storage mechanism to
leverage semantic similarity between queries by adding
a more granular cache storing entity-documents pairs.

We evaluate Mnemosyne on four benchmarks. Empir-
ical results consistently demonstrate that our approach
provides performance acceleration without compromis-
ing answer F1 scores, even with a limited-capacity cache.

2 Related Work
2.1 Multi-Hop Question Answering

Multi-hop question answering is more complex than sim-
ple QA because it involves not just retrieving information,
but also effectively integrating related facts. Existing ap-
proaches for multi-hop question answering with large lan-
guage models often tackle this by breaking down complex
queries, like SG-FSM(Wang et al. 2025b), which uses a
self-guided finite-state machine to decompose questions and
self-correct intermediate answers, dynamically adjusting its
reasoning path. Similarly, IRCoT(Trivedi et al. 2023) in-
terleaves retrieval with chain-of-thought (CoT) steps, us-
ing CoT to guide retrieval and refine reasoning, while Q-
DREAM (Ye et al. 2025) optimizes the semantic space of
sub-questions through a three-module pipeline encompass-
ing question decomposition, dependency modeling, and dy-
namic retrieval alignment. Other methods treat multi-hop
retrieval as a joint optimization problem, employing tech-
niques like beam search to maintain multiple partial hy-
potheses per step to mitigate omission risks; for example,
Beam Retrieval(Zhang et al. 2024a) jointly optimizes an
encoder and dual classification heads end-to-end, expand-
ing the search space through beam-based partial hypothesis
tracking, and BeamAggR(Chu et al. 2024) parses questions
into atomic-composite trees, performing bottom-up reason-
ing with beam-pruned aggregation. Furthermore, some ad-
vanced frameworks dynamically select strategies based on
query complexity, such as BELLE(Zhang et al. 2025b),



which employs a bilevel multi-agent debate system where
operators are combined via deliberative planning and fast/s-
low debaters monitor reasoning consistency, and Adaptive-
RAG(Jeong et al. 2024), which uses a lightweight classifier
to predict query complexity and route tasks to appropriate
retrieval strategies.

2.2 Cache-Aided RAG

Recent research on cache-aided retrieval-augmented gener-
ation primarily focuses on two directions: generation-aided
caching and retrieval-aided caching. For KV cache opti-
mization of the generation phase, (Park et al. 2024) proposes
Cache-Craft, a system that reuses precomputed key-value
(KV) caches for repeated text chunks in RAG inputs while
maintaining output quality via partial recomputation and
hardware-efficient cache management. (Kwon et al. 2023)
introduces PagedAttention, an attention algorithm inspired
by virtual memory techniques, which eliminates KV cache
fragmentation via paging and enables flexible cache sharing
across requests, as implemented in their vVLLM serving sys-
tem. For speculative retrieval acceleration of retrieval phase,
(Zhang et al. 2024b) presents RaLMSpec, a framework that
batches speculative retrievals with asynchronous verification
and prefetching to maximize speedup over iterative RAG-
LM pipelines. In approximate caching of the retrieval phase,
(Bergman et al. 2025) develops Proximity, which reuses re-
trieved documents for semantically similar queries to re-
duce vector database lookups, while (Chan et al. 2025) ex-
plores cache-augmented generation, preloading knowledge
into extended LLLM contexts to bypass retrieval entirely. Ad-
ditionally, (Jin et al. 2024) proposes RAGCache, a multi-
level dynamic cache that organizes retrieved knowledge into
GPU/host-memory hierarchies and optimizes replacement
policies based on LLM inference patterns.

3 Methodology

The overview of Mnemosyne method is first depicted in
Figure 2. Then, we begin with rearranging the questions in
cache-aware order fitting strategy, followed by RAG with
multi-granularity caching storage mechanism.

3.1 Cache-Aware Order Fitting Strategy

The order of query arrival sequence plays a significant role
in cache hit rates. When similar questions appear more
closely in the sequence, the cache hit ratio tends to be higher.
We utilize w-hop locality to measure the similarity between
neighboring questions, defined as follows:

> slai ),

4i,9;€Q
0<j—i<w

locality (Q; w) = (1)

where Q@ = {q1,92, -, g, } represents a query sequence
and s(-, -) denotes a similarity function, and w € Z* repre-
sents the window size.

Optimizing the measure can be defined as constructing
a bijective function o : {1,...,n} — {1,...,n}, which
rearranges the elements of the question sequence to obtain
Q = {4l@ = qr,0(k) = i,Vqr € Q}. The goal is to
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maximize the w-hop sparse locality of Q. However, this task
is an NP-hard problem, as proven in (Coleman et al. 2022).
Specifically, when w = 2, the issue is equivalent to the NP-
hard problem of maximum weighted Hamiltonian path.

In terms of the semantic relevance between queries and
supporting documents, we propose the following new metric
of Sparse Locality:

Z 0(551 ﬂgﬁj)
C(&:)-C(&.)
Gi,q; €9 ( 1) (q])
0<j—i<w

S(Qw) = @)

where C(-) counts the elements in a set, and &;, denotes
the entities identified in ;. For entity recognition, we em-
ploy Spacy (Honnibal and Montani 2017) and EDC (Zhang
and Soh 2024), a LLM-driven information extraction tool, to
identify named entities. To optimize this measure, we intro-
duce a cache-aware reordering algorithm applied to a query-
entity bipartite graph to maximize w-hop sparse locality.
First, we construct a bipartite graph B = (Q, £g, F), where
Eo = UL & = {erea,- seieq ) E = {(aie5)lej €
5%‘ }

The cache-aware reordering algorithm receives a bipar-
tite graph, constructs bidirectional adjacency lists, and ini-
tializes a max-heap priority queue based on node degrees.
During execution, it processes nodes in priority order while
maintaining a sliding window of recently processed nodes.
This window is used to update priorities for nodes sharing
neighbors with the oldest window entry, while simultane-
ously boosting priorities for nodes sharing neighbors with
the current node. The algorithm terminates when all nodes
are ordered. The complete pseudocode for this cache-aware
reordering algorithm. The time complexity is primarily de-
termined by heap operations and neighbor updates, approx-
imately O(|Q|log|Q|) in sparse graphs, while the space
complexity remains O(|Q|+|F|) due to the storage require-
ments for adjacency lists and priority tracking structures.

Without loss of generality, we only demonstrate sparse
locality in simply connected sub-graphs here, as questions
from different connected sub-graphs share no common en-
tities. Thus, the sparse locality computation can be dis-
tributed across different simply connected sub-graphs. Sin-
gleton sub-graphs indicate no caching benefit; therefore,
we disable the cache component in the RAG subsequently
to avoid cache thrashing. The output of this section is a

locality-aware question sequence Q.

3.2 Multi-Granularity Caching Storage
Mechanism

We enhance multi-round RAG with Multi-Granularity
Caching Storage Mechanism (MGCSM) to balance effec-
tiveness and efficiency in the retrieval phase, consisting of
an exact match query-document cache (L1-cache) and an ap-
proximate entity-document bipartite cache (L2-cache). The
former cache operates with a strict hit condition and has a
lower hit ratio, while the latter adopts a more flexible ap-
proach with higher ambiguity but achieves higher hit rates.
The bipartite cache structure comprises two lists, ¢ and [p,
storing entities and documents, respectively. A dictionary
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Figure 2: Mnemosyne architecture. Figure 2(a) shows cache-aware order fitting strategy, which rearranges questions to place
semantically similar questions nearer, by enhancing the 2-hop sparse locality for a higher cache hit rate. Figure 2(b) shows the
workflow of the existing RAG with multi-granularity caching storage mechanism, utilizing a query-document cache (L1) and

an entity-document cache (L2).

M maintains mappings between entities and documents. In
this mapping, each entity can correspond to multiple docu-
ments, and each document may be associated with multiple
entities. Both L1-cache and L2-cache have a fixed capacity
C and are initialized as empty caches.

Following previous work (Shi et al. 2024), the RAG
for Mnemosyne consists of two phases: retrieval and de-
duction. In the deduction stage, given an initial question
G; (denoted as ¢"), we decompose ¢” into a simpler sub-
question ¢! and a core named entity e! by utilizing a cus-
tom prompt ¢ to guide the LLM to generate “*” surround-
ing e!. During the retrieval phase, we simultaneously look
up ¢! in the L1-cache and retrieve e' from the L2-cache.
For the L2-cache, we compute the normalized Levenshtein
distance (Yujian and Bo 2007) between e! and all entities
stored in [¢. If the distance is less than the cache tolerance
A, the retrieval on L2-cache is classified as a cache hit. When
both caches hit simultaneously, we prioritize collected doc-
uments D}, . from the L1-cache, as the L1-cache pro-
vides more precise information. If only one cache hits, we
collect the corresponding documents. After retrieval, we use
the gathered documents (denoted as D) to reason the next
sub-question ¢2. This process iterates until the LLM outputs
q' containing the tag “FINISH[<answer>]" or the iteration
count reaches V;, where “<answer>" stands for the final
answer. The general reasoning process follows this work-
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flow:

¢~ LLM(¢®*®D'---@¢taD,

where & denotes the text concatenation operation.
If both of the two caches miss in the ¢-th iteration, we re-
trieve the top-N documents D!, from the corpus, rerank

corpus
them, and collect the top-K documents D% . as the final
document set D¢. The generic retrieval process can be sum-

marized as follows:

3

t 13
DLlfcache DLlfcache # @
t __ t t _ t
D" = DL2fcache DLlfcache - @ A IDL27cache # (b .
t 13 _ t —
Drerank DLlfcache - @ N DL27cache - 0

“4)

In cache update process, l¢ appends the current entity e
while [p extends the list with the elements from the corre-
sponding document set D*. Upon reaching the L2-cache’s
capacity C, our implementation triggers the Least-Recently-
Used replacement strategy to remove the old entries, mirror-
ing this behavior in the L1-cache.

We observe that when the cache returns unhelpful docu-
ments, the LLM tends to generate repetitive sub-questions
and named entities similar to the previous hop, leading to an
ineffective reason-hit loop. To mitigate this cycle, we pro-
pose an idempotency rule: if the L2-cache receives the same



named entity twice consecutively during processing a single
question, it returns an empty set to break the loop.

The efficiency of the multi-granularity caching storage
mechanism originates from three key factors: (1) A limited-
capacity cache provides a significantly smaller search space
than the entire corpus; (2) Multi-granularity caching has a
looser hit condition; (3) The multi-granularity cache stores
high-quality documents after reranking, effectively reusing
the noise filtering process.

4 Experiments
4.1 Experimental Setups

We describe our experimental setups in this section, includ-
ing downstream datasets, retrievers, and the implementation
details of the baselines.

Datasets. Following established practices in the field,
we evaluate our approach on four widely-used MHQA
benchmarks: HotpotQA (HQA)(Yang et al. 2018),
MuSiQue(Trivedi et al. 2022), 2WikiMultiHopQA
(WQA)(Ho et al. 2020), and Multihop-RAG (MRQA)(Tang
and Yang 2024). Among these, MRQA represents a spe-
cialized benchmarking dataset designed to assess RAG
on multi-hop queries, containing 2,556 carefully curated
questions categorized into four distinct types (inference,
comparison, temporal, and null), each supported by 2-4
ground-truth evidence snippets. To comprehensively evalu-
ate our approach’s performance, we strategically sampled
250 items from questions containing shared entities and
another 250 items from the remaining question pool.

Retrievers. Following previous work (Zhang et al.
2024b), we evaluate our approach against both dense re-
trievers (vector-based) and sparse retrievers (bag-of-words-
based) to demonstrate the robustness of our approach. For
dense retrieval, we compare exact and approximate meth-
ods, where the latter offers faster performance at the cost
of reduced precision. Specifically, we employ bge-small-en-
v1.5 (Xiao et al. 2024) as our exact dense retriever and jina-
colbert-v2 (Jha et al. 2024) as the approximate dense re-
triever. For sparse retrieval, we utilize the BM25 algorithm
(Robertson and Zaragoza 2009), implemented through Py-
serini?, while adopting the Stanford ColBERT® implemen-
tation for dense retrieval.

Baselines. For naive retrieval-augmented generation, we
follow the implementation from (Trivedi et al. 2023), which
interleaves retrieval with individual reasoning steps in a CoT
process. We denote the baseline naive RAG with exact-
match query caching as CAG-R, implemented according to
(Chan et al. 2025). Additionally, we employ the approximate
caching as Proximity baseline from (Zhang et al. 2024b;
Bergman et al. 2025).

Implementation Details. For overall performance evalu-
ation in Table 1, we set the cache capacity to 20 across all
methods and configured the cache tolerance at 0.2 for both

2https://github.com/castorini/pyserini
*https://github.com/stanford-futuredata/ColBERT
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Mnemosyne and the approximate approach. Furthermore,
we incorporate bge-reranker-v2-m3 (Chen et al. 2024) as our
reranker and deploy it as an online service using FastAPI. In
all our experiments, we retrieve top-10 passages and rerank
top-2 passages for each question. Additional experiments in-
vestigating different cache capacities and tolerance thresh-
olds are presented for further analysis. In Mnemosyne, we
optimized locality by setting the sliding window size to 6
and NV, to 6. We mainly employ Qwen2-7B-Instruct as the
LLM, with decoding temperature fixed at O for deterministic
generation. The implementation uses Python and was tested
on a virtual container equipped with one A800 GPU and 14
Xeon(R) Gold 6348 CPU cores.

4.2 Comparison across Retrievers and Datasets

Our empirical evaluation across multiple retrievers (BM25,
bge-en-small-1.5, Jina-ColBERT-v2) and datasets demon-
strates Mnemosyne’s consistent superiority over CAG-R and
proximity caching baselines. As shown in Table 1, our ap-
proach achieves the best speedup (up to 1.81x), hit rate
(up to +47.4%), and F1 improvement (up to +13.6%) on
HotpotQA, 2WikiMultiHopQA, and Multihop-RAG. No-
tably, with exact dense retrieval, Mnemosyne attains a 1.27x
speedup and +3.1 F1 gain on the challenging MuSiQue
dataset, while maintaining hit rate advantages of 13.2%
(sparse) and 19.7% (approximate dense), confirming its
robustness across diverse retrieval paradigms. The results
highlight Mnemosyne’s ability to balance efficiency and ac-
curacy through its multi-granular caching architecture and
ranking module.

Our analysis reveals several critical insights into the be-
havior of different caching strategies across retrieval meth-
ods and datasets. The CAG-R approach suffers from in-
creased retrieval latency (0.87-0.98 x speedup) due to cache
retrieval and update overhead, while its low hit rates (0.6-
5.1%) stem from the inherent complexity of multi-hop ques-
tions, where decomposed sub-questions rarely repeat verba-
tim. In contrast, proximity caching improves speed (1.12-
1.45x%) and hit rates (8.4-27.6%) but consistently degrades
answer quality (A F1: -2.3 to -16.1), as its reliance on
coarse-grained question similarity introduces noise, partic-
ularly detrimental in multi-hop reasoning where precise in-
termediate retrieval is crucial. Our approach uniquely op-
timizes all three metrics: it achieves superior speedups (up
to 1.81x), higher hit rates (up to 47.4%), and F1 gains (up
to +13.6%) by leveraging multi-granular caching to balance
precision-efficiency trade-offs and a ranking module to opti-
mize retrieval order. Notably, dense retrievers (exact/approx-
imate) exhibit greater benefits under Mnemosyne, higher hit
rates (18.7-41.2%) and more pronounced speedups (1.17-
1.81x%), because their slower baseline retrieval times am-
plify the impact of caching, while their superior document
quality (vs. sparse retrieval) enhances downstream answer
fidelity by reducing LLM reasoning errors. Dataset-wise,
Mnemosyne excels on HotpotQA, 2WikiMultiHopQA, and
Multihop-RAG, where its design aligns with typical multi-
hop patterns, but faces limitations on MuSiQue’s extreme
compositional questions: here, proximity caching’s aggres-
sive acceleration (1.14-1.19x) comes at severe F1 costs



Method HotpotQA MuSiQue 2WikiMultiHopQA Multihop-RAG

Speedup Hit AFl Speedup Hit AFl Speedup Hit AF1l Speedup Hit AFI
Sparse Retriever

CAG-R 0.89 x 2.3 0.3 0.92 x 0.6 0.1 0.87 x 2.1 1.1 0.92 x 4.2 0.6

Proximity 121 x 274 -8.1 1.14 x 84 54 .13 x 154 -12 1.21 x 213 -72

Mnemosyne 1.57 x 353 3.2 1.08 x 132 -0.6 124 x 247 136 156x 474 93

Exact Dense Retriever

CAG-R 0.98 x 3.1 0.4 0.97 x 0.7 0.0 0.96 x 1.7 0.6 0.98 x 5.1 0.2

Proximity 134 x 229 -13.6 124x 112 23 134 x 132 -52 141 x 276 -54

Mnemosyne 1.74 x 394 1.3 127 x 187 3.1 1.60 x 281 7.3 1.81 x 412 21

Approximate Dense Retriever

CAG-R 0.95 x 32 0.2 0.94 x 0.7 0.0 0.95 x 1.9 0.2 0.96 x 4.7 1.3

Proximity 145 x 245 -16.1 119x 131 -42 .12 x 169 9.1 1.36 x  19.7 -82

Mnemosyne 1.68 x 37.6 8.3 1.17 x  19.7 1.2 131 x 321 33 171 x 343 51

Table 1: Evaluation results on four MHQA datasets with different types of retrievers, including sparse retriever (BM25), exact
dense retriever(bge-en-small-1.5), approximate dense retriever(Jina-ColBERT-v2). The speedup denotes the acceleration ratio
in the retrieval phase, hit refers to the cache hit rate, and F1 represents the answer F1 score.

Ablation HQA WQA
Study Latency Hit Fl  Latency
Mnemosyne 0.18 353 54.6 0.13
w/o Reorder 0.28 229 535 0.16
w/o MGCSM-L1 0.21 352 542 0.15
w/o MGCSM-L2 0.28 4.1 523 0.18
w/o Idempotency 0.20 399 540 0.15

Table 2: Evaluation results of ablation study on HopotQA
and 2WikiMultihopQA with sparse retriever. MGCSM de-
notes the multi-granularity caching storage mechanism.

(-4.2% to -5.4%), while CAG-R’s rigidity preserves F1
(A+0.1) but fails to accelerate (0.92-0.97x), highlighting
Mnemosyne’s current sensitivity to ultra-fine-grained rea-
soning chains. These findings underscore the need for dy-
namic caching strategies that adapt not only to retrieval types
but also to dataset-specific reasoning depths.

4.3 Ablation Study

We conducted ablation studies on the HotpotQA and 2Wiki-
multihopQA datasets under Sparse Retriever conditions.

w/o Reorder Strategy. When removing the cache-aware
order fitting strategy from Mnemosyne to examine the im-
pact of question arrival order, Table 2 shows that this abla-
tion leads to a significant drop in hit rate (from 35.3% to
22.9%) and increased latency (from 0.18s to 0.28s), though
the acceleration effect is not entirely eliminated. This in-
dicates that proper arrival ordering positively affects cache
hits, while the multi-granularity caching mechanism still
contributes partially.

w/o MGCSM. To evaluate the contribution of single-
granularity caches, we separately ablated L1-cache and L2-
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cache. Removing L1-cache results in marginal hit rate degra-
dation (35.3% to 35.2%) but worsens answer F1 (54.6% to
54.2%) and latency (0.18s to 0.21s), suggesting L1-cache
provides higher precision despite lower coverage. In con-
trast, removing L2-cache drastically reduces hit rate (35.3%
to 4.1%) and F1 (54.6% to 52.3%) while increasing latency
(0.18 to 0.28), confirming L2-cache’s critical role in boost-
ing coverage despite introducing some noise. The results
demonstrate that L.1-cache alone is insufficient for higher re-
call, necessitating L2-cache’s complementary role.

w/o Idempotency Rule. By ablating the idempotency
rule, we observe a paradoxical increase in hit rate (35.3%
to 39.9%) alongside declines in F1 (54.6% to 54.0%) and
latency (0.18s to 0.20s). This reveals that without an idem-
potency rule, cached irrelevant documents may mislead the
LLM into generating repetitive sub-questions, artificially in-
flating hit rates while degrading answer quality and effi-
ciency due to reasoning loops.

4.4 Impact of Cache Tolerance

To investigate the impact of cache tolerance on our ap-
proach, we conducted experiments with cache tolerance val-
ues ranging from 0.1 to 0.4. As shown in Table 3, the re-
sults demonstrate that as cache tolerance reduces, the hit rate
generally decreases while the F1 score initially improves be-
fore declining at higher tolerance levels, and latency exhibits
a similar trend of first decreasing then slightly increasing.
Specifically, we observe that an overly high cache tolerance
(e.g., 0.4) leads to an increased hit rate (41.7% for HQA)
but fails to reduce latency (0.22s for HQA) while simultane-
ously degrading answer quality (42.4% F1 for HQA), indi-
cating that such settings introduce noisy text segments that
may boost cache hits but hinder the LLM’s reasoning capa-
bility over documents. Conversely, an excessively low cache
tolerance (e.g., 0.1) causes reduced hit rates (28.1% for
HQA), lower F1 scores (48.9% for HQA), and marginally



Cache HQA WQA

Tolerance Latency Hit F1  Latency Fl
0.4 0.22 41.7 424 0.16 51.7
0.3 0.22 377 44.6 0.15 55.0
0.2 0.18 353 54.6 0.13 66.2
0.1 0.20 28.1 489 0.14 57.6

Table 3: Comparisons of different cache tolerance on
HopotQA and 2WikiMultihopQA with sparse retriever.

Cache HQA WQA
Capacity Latency Hit F1  Latency Fl
10 0.26 247 522 0.16 57.6
20 0.18 353 546 0.13 66.2
40 0.17 385 55.7 0.12 68.6
80 0.17 39.6 559 0.12 68.9

Table 4: Comparisons of different cache capacity on
HopotQA and 2WikiMultihopQA with sparse retriever.

higher latency (0.2s for HQA), suggesting that overly strict
matching conditions underutilize potentially relevant cached
entries. The optimal balance is achieved at a tolerance of 0.2,
which delivers the best performance across metrics: low-
est latency (0.18s for HQA, 0.13s for WQA), competitive
hit rates (35.3% for HQA), and peak F1 scores (54.6% for
HQA, 66.2% for WQA). This non-monotonic behavior un-
derscores the importance of carefully calibrating cache tol-
erance to balance retrieval efficiency with answer quality.

4.5 Effect of Cache Capacity

To evaluate the impact of cache capacity on our approach,
we conducted experiments with varying capacities (10, 20,
40, and 80), as shown in Table 4. The results demonstrate
that increasing the cache capacity generally improves perfor-
mance across all metrics, though with diminishing returns.
Specifically, we observe that lower capacities (e.g., 10) lead
to higher latency (0.26s for HQA, 0.16s for WQA), lower hit
rates (24.7% for HQA), and reduced F1 scores (52.2% for
HQA, 57.6% for WQA), which can be attributed to insuf-
ficient storage for useful entries, resulting in frequent evic-
tions and cache thrashing. As the capacity increases to 20
and 40, latency decreases (0.18s to 0.17s for HQA; 0.13s
to 0.12s for WQA), hit rates improve (35.3% to 38.5% for
HQA), and F1 scores rise (54.6% to 55.7% for HQA; 66.2%
to 68.6% for WQA). However, the gains diminish beyond
40, with marginal improvements at 80 (e.g., HQA FI in-
creases only from 55.7% to 55.9%). This suggests that while
larger capacities enhance hit rates and performance, the ben-
efits plateau due to data distribution constraints, indicating
an optimal range (e.g., 40-80) where further increases yield
limited returns.
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Figure 3: Impact of query locality on retrieval latency and
answer F1 on four datasets with approximate dense retriever.

4.6 Query Locality Analysis

To validate the effectiveness of high query locality in
caching, we conducted comparative experiments on four
datasets using Approximate Dense Retrieval under varying
2-hop sparse locality, as shown in Figure 3. We systemati-
cally adjusted the locality parameter (from 0 to 500 in incre-
ments of 50) to organize the test data. As illustrated in Fig-
ure 3(a), latency exhibits a decreasing trend as 2-hop sparse
locality increases, with the rate of decline being initially
rapid before slowing down. This demonstrates that higher lo-
cality indeed improves cache hit rates and accelerates cache
performance. In the early stages of locality improvement, the
gains are modest, indicating suboptimal cache utilization.
However, once locality reaches a certain threshold, cache hit
rates rise sharply, leading to a significant reduction in access
latency. In the saturation phase, further increases in local-
ity cause the working set to exceed cache capacity, resulting
in diminishing returns for hit rates. Figure 3(b) reveals that
answer F1 scores follow a sigmoid curve as 2-hop sparse lo-
cality increases, initially rising slowly, then accelerating, be-
fore eventually plateauing. This behavior can be attributed to
three phases: (1) Initially, performance is less affected by lo-
cality improvements; (2) As hit rates increase substantially,
F1 scores show marked improvement; and (3) Eventually,
marginal gains diminish due to saturation effects.

5 Conclusion

In this work, we introduced Mnemosyne, a cache hit order
fitting method designed to address the critical limitations of
existing cache-aided RAG methods in MHQA, particularly
issues with their performance due to low cache hit rates.
Our approach tackles this by improving cache utilization and
broadening hit condition. Specifically, the cache-aware order
fitting strategy optimizes cache utilization by strategically
making semantically similar queries closer. Complementing
this, the multi-granularity caching storage mechanism pro-
vide a more flexible hit condition by caching sub-question-
document pairs and entity-documents pairs. Through empir-
ical evaluations across four MHQA benchmarks and three
types of retrievers, Mnemosyne consistently demonstrated
significant performance gains and its ability to provide a
superior efficiency-effectiveness trade-off for accelerating
multi-step retrieval in RAG with limited-capacity caches.
(Cai et al. 2024)
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