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Abstract

Graph-based retrieval-augmented generation (RAG) enables
large language models (LLMs) to incorporate structured
knowledge via graph retrieval as contextual input, enhanc-
ing more accurate and context-aware reasoning. We observe
that for different queries, it could retrieve similar subgraphs as
prompts, and thus we propose SubGCache, which aims to re-
duce inference latency by reusing computation across queries
with similar structural prompts (i.e., subgraphs). Specifically,
SubGCache clusters queries based on subgraph embeddings,
constructs a representative subgraph for each cluster, and pre-
computes the key-value (KV) cache of the representative sub-
graph. For each query with its retrieved subgraph within a
cluster, it reuses the pre-computed KV cache of the representa-
tive subgraph of the cluster without computing the KV tensors
again for saving computation. Extensive experiments on three
datasets across multiple LLM backbones and graph-based
RAG frameworks demonstrate that SubGCache consistently
reduces inference latency with comparable and even improved
generation quality, achieving up to 6.68x reduction in time-
to-first-token (TTFT).

Extended version — https://github.com/qiuyul 1 1/appendix

Introduction

Retrieval-augmented generation (RAG) (Borgeaud et al.
2022; Lewis et al. 2020; Ram et al. 2023; Trivedi et al. 2023)
enhances large language models (LLMs) (Achiam et al. 2023;
Chowdhery et al. 2023; Dubey et al. 2024) by retrieving and
integrating external knowledge based on text similarity, en-
abling more accurate and contextually enriched generation.
Building on its success in language-focused tasks (Zhang,
Haddow, and Birch 2023; Zhang et al. 2024b), recent efforts
(Guo et al. 2024; He et al. 2024; Hu et al. 2025) have ex-
tended RAG to graph data (Jin et al. 2024a; Li et al. 2024;
Wang et al. 2023), giving rise to graph-based RAG (He et al.
2024; Hu et al. 2025), which leverages textual graphs as exter-
nal knowledge sources to help model entity relations across
documents and support complex reasoning over structured
knowledge. As illustrated in Figure 1(a), upon receiving a
user query g and a textual graph G, graph-based RAG first

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

35204

retrieves the most relevant subgraph from G and constructs
a subgraph prompt. This prompt is then combined with the
query to form an augmented input for the LLM to generate
the final response.

While proven effective, existing graph-based RAG systems
are primarily designed for single-query settings, where each
query is processed independently by the LLM, as shown in
Figure 1(a). However, in many real-world scenarios (Ding
et al. 2011; Choudhury et al. 2018; Zhang et al. 2024a;
Bouros et al. 2024), such as scholarly question answering
over academic graphs (Sinha et al. 2015), queries are batch-
submitted, arrive in large volumes simultaneously, and are
processed jointly, naturally forming in-batch workloads for
graph-based RAG. Figure 1(b) illustrates a typical in-batch
scenario, where a group of queries ¢, g2, and g3 are submit-
ted and processed together. Each query triggers the retrieval
of a relevant subgraph from the external textual graph, result-
ing in subgraphs si, so, and s3. In practice, these retrieved
subgraphs may exhibit significant overlap. For instance, we
can observe that s; and sy are identical, while s3 shares large
structural components with them. Despite such redundancy,
existing methods process each query in isolation, repeatedly
encoding and reasoning over the overlapping subgraph con-
tent, leading to unnecessary computation. These observations
call for a rethinking of graph-based RAG in a new in-batch
setting and raise a natural question: how can we effectively
exploit structural redundancy across different queries to elim-
inate redundant computation and improve overall system
efficiency?

An intuitive answer to this question is to introduce a
caching mechanism that stores and reuses previously com-
puted results from the LLM to avoid repeated computation.
In fact, recent efforts (Gim et al. 2024; Jin et al. 2025; Zheng
et al. 2024) have explored similar strategies in purely textual
settings, where each cached unit corresponds to an inde-
pendent sentence or document chunk. For instance, Prompt
Cache (Gim et al. 2024) stores the pre-computed attention
states of frequently occurring text segments, improving ef-
ficiency through inference-time reuse. However, these ap-
proaches are inherently limited to sequential text data and
assume exact lexical repetition. They are not applicable to
graph-based RAG, where redundancy manifests at the struc-
tural level, and each cached unit should be a structured sub-
graph composed of interconnected nodes and edges, with



In-batch g Describe how ‘lan M Dick’ g Can you tell me how ‘Dan g Describe how ‘lan M Dick' links to ‘The Effect
queries q, | links to ‘Nicta’. qz | Conway' relates to ‘Nicta'? qs | °f Stress on Cognitive Load Measurement.

2 Q ( 9
593 59X 5197 s, O/C(o L 2 ﬁj , 31I/OSZI/O O/f ﬁ
[‘h q2 qx] [ﬁj} [ j/of/o ] [‘11 qz2 qs3

for q, araph Relevant subgraph for qi Graph Relevant sIbgraph
—
«— | Prompt;+ % z . D_:
B Question,, Prompt, Prompt, Prompt; | reuse ﬁ pre-compute =
LLM LLM Prompt,
Fast’ KV cache and store pis

Slow v
|I

.

Figure 1: Overview of graph-based RAG without and with caching.

information organized topologically rather than sequentially.
This structural nature of graph-based RAG introduces two
critical and unique challenges:

¢ Challenge 1: Structural redundancy identification. In-
batch queries may retrieve subgraphs that are structurally
and semantically similar, but such overlap is neither ex-
plicitly known beforehand nor easily detectable. Here,
the key challenge lies in effectively comparing retrieved
subgraphs, which may differ in node identifiers, local con-
text, or graph topology, to determine whether meaningful
overlap exists.

Challenge 2: Structural redundancy exploitation. Even
when overlap is correctly identified across queries, the re-
trieved subgraphs are generally partially shared. Unlike
existing methods for sequential text (Gim et al. 2024;
Jin et al. 2025; Zheng et al. 2024), which assume reuse
over identical units, overlapping subgraphs may differ in
size, topology, or node alignment. Here, another key chal-
lenge is to effectively reason over these partially shared
structures across queries to reduce redundant computation,
while still preserving useful relational context necessary
for accurate response generation.

To tackle these, we propose SubGCache (Subgraph-level
key-value Cache), a lightweight and efficient plug-and-play
caching framework for graph-based RAG under the in-batch
query setting. It comprises two main components:

* Design 1: Query clustering based on subgraph simi-
larity. SubGCache performs hierarchical clustering to in-
batch queries based on the embeddings of their retrieved
subgraphs, generated by the pretrained Graph Neural Net-
work (GNN) (Zhu et al. 2025a; Wu et al. 2020) encoder
used in graph-based RAG. These embeddings encode
both semantic and structural information, allowing the
system to automatically identify subgraph-level redun-
dancy across queries. Queries with highly overlapping
subgraphs are then effectively grouped together for shared
processing, thereby addressing the challenge of structural
redundancy identification.

Design 2: Representative subgraph construction and
subgraph-level cache reuse. To facilitate effective reason-
ing over partially overlapping subgraphs while preserving
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the useful relational context, SubGCache introduces the
concept of representative subgraph as shared structural in-
put for each query cluster. Specifically, for each cluster, it
merges the retrieved subgraphs from all queries within this
cluster into a single representative subgraph that preserves
the topology necessary for accurate response generation.
To exploit this shared structure and eliminate redundant
computation, the key-value (KV) cache mechanism is
further introduced to pre-compute KV tensors of the rep-
resentative subgraph and reuse them across all queries
in the cluster. This cluster-wise strategy addresses the
challenge of reusing partial structural overlaps by align-
ing similar subgraphs into a unified representation and
caching its computation. As illustrated in Figure 1(b),
assume queries qi, g2, and gs are clustered together. Sub-
GCache generates a representative subgraph s by merging
their retrieved subgraphs s1, s2, and ss, constructs the cor-
responding prompt prefix Prompt,, and computes its KV
tensors within the LLM, which are then stored in GPU
memory. For each query gx € {¢1,¢2, g3}, SubGCache
directly appends the query-specific question tokens to the
cached prefix, allowing the model to bypass recomputa-
tion of the shared subgraph context. By reusing the newly
proposed subgraph-level KV cache across all queries in
the cluster, SubGCache significantly reduces inference
latency while maintaining strong generation quality.

Experiments across datasets and LLM backbones validate
the latency reduction and generation quality of SubGCache.
Our main contributions are summarized below:

» Conceptually: We formulate a new research problem un-
der the in-batch query setting, aiming to accelerate graph-
based RAG via batch-level processing. To the best of our
knowledge, this is the first work to accelerate graph-based
RAG and explore batch-level execution in this context.

Methodologically: We propose a lightweight and plug-
and-play framework SubGCache for subgraph-level
prompt caching that addresses the unique challenges of
structural redundancy identification and exploitation in
retrieved subgraphs. It is simple to implement, and both
highly effective and efficient in practice. Notably, this is
also the first attempt to introduce prompt caching into
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Figure 2: Overview of SubGCache and its integration into the standard graph-based RAG pipeline.

graph-based RAG.

* Empirically: Experiments on three datasets across multi-
ple LLM backbones and graph-based RAG frameworks
demonstrate that SubGCache consistently reduces infer-
ence latency while maintaining or even enhancing genera-
tion quality. For example, with Llama-3.2-3b, it achieves
up to 5.69x speedup with 2.00% accuracy gain on the
Scene Graph dataset, 6.52x speedup with 1.00% accu-
racy gain on the OAG dataset, and 6.07 x speedup without
accuracy loss on the DBLP dataset.

Related Work

RAG. RAG (Fan et al. 2024; Hu et al. 2025; Huang et al.
2025; Lewis et al. 2020; Ram et al. 2023; Trivedi et al. 2023;
Yu et al. 2024; Zhao et al. 2024) enhances LLMs by retrieving
external knowledge to mitigate hallucination (Huang et al.
2025) and improve reliability (Gao et al. 2023). Recently,
graph-based RAG was proposed (Guo et al. 2024; He et al.
2024; Hu et al. 2025), which retrieves query-relevant sub-
graphs from textual graphs and performs generation by jointly
leveraging text and structures. For example, G-Retriever (He
et al. 2024) retrieves individual nodes and edges and re-
constructs query-specific subgraphs for generation, while
GRAG (Hu et al. 2025) retrieves subgraphs directly by em-
bedding k-hop ego networks and pruning irrelevant com-
ponents. These graph-based RAG methods focus primarily
on single-query processing and overlook the holistic opti-
mization opportunities enabled by in-batch query execution.
Moreover, they pay little attention to inference efficiency,
concentrating solely on improving retrieval and generation
quality. In this paper, we aim to improve the inference effi-
ciency of graph-based RAG by exploiting structural redun-

dancy through batch-level processing.

KYV cache reuse. Recent efforts (Gim et al. 2024; Jin et al.
2025; Zheng et al. 2024; Yao et al. 2025; Jin et al. 2024b;
Lu et al. 2025) have explored reusing KV cache to reduce
redundant computation during LLM inference, primarily
within text-based scenarios. For instance, SGLang (Zheng
et al. 2024) identifies reusable intermediate states across dif-
ferent requests in multi-turn conversations, while Prompt
Cache (Gim et al. 2024) enables flexible token reuse by en-
suring each prompt module is self-contained and semanti-
cally independent. Furthermore, RAGCache (Jin et al. 2025)
exploits the retrieved document sequences to construct a mul-
tilevel caching system, improving efficiency without altering
generation outputs. However, these approaches are tailored
to text-only settings and do not address the unique challenges
associated with graph retrieval, where the retrieved subgraphs
are inherently interconnected and leveraging their topological
structure is critical to maintain generation quality. To bridge
this gap, we introduce a novel caching paradigm based on
structured subgraphs and propose SubGCache, a lightweight
and efficient framework for subgraph-level prompt caching
that identifies and exploits the structural redundancy in re-
trieved subgraphs.

Methodology

We consider a new in-batch setting for graph-based RAG,
where a batch of queries {q1, ¢2, - .., ¢ } are issued simul-
taneously to a shared system. In the standard graph-based
RAG pipeline, each query g; retrieves a subgraph s; from a
textual graph G, and then an LLM generates a response a;
based on the augmented input formed by ¢; and s;.

While effective, this per-query processing paradigm results
in substantial redundant computation. To address this limi-
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tation, we propose SubGCache, a lightweight and efficient
plug-and-play caching framework that identifies shared sub-
graphs across queries and eliminates redundant computation
by caching and reusing their KV tensors.

Architecture Overview

Figure 2 illustrates SubGCache and its integration into the
standard graph-based RAG pipeline. Specifically, given a
textual graph G, a batch of queries {¢1,¢2,...,qm}, and
their corresponding retrieved subgraphs {s1, sa,...,8m}»
SubGCache is designed to reduce redundant computation
by leveraging structural redundancy across queries through
the following three key steps: (1) Query clustering: In-batch
queries are grouped based on structural and semantic similar-
ities in their retrieved subgraphs, enabling the identification
of shared subgraph components. (2) Representative subgraph
construction: For each cluster, we merge the nodes and edges
of all associated subgraphs to create a representative sub-
graph that preserves the relational context required for high-
quality response generation. (3) Subgraph-level cache reuse:
SubGCache processes queries in a cluster-wise manner. For
each cluster, it computes the KV cache for the representative
subgraph only once, reuses it across all associated queries,
and releases it before moving to the next. This substantially
reduces redundant computation and improves inference effi-
ciency, without compromising generation quality.

Query Clustering

Graph Embedding via Pretrained GNN. The key intuition
behind query clustering is that in-batch queries may retrieve
subgraphs that are structurally and semantically similar. How-
ever, such overlap is neither known beforehand nor trivial to
detect, as retrieved subgraphs may differ in node identifiers,
local context, or overall topology. To address this challenge,
we encode each retrieved subgraph into a graph embedding
using a pretrained GNN initialized with SentenceBERT-based
node features—the same setup used for soft prompt construc-
tion in existing graph-based RAG. These embeddings capture
both semantic and structural characteristics, enabling effec-
tive comparison across subgraphs.

Hierarchical Clustering. Once the subgraph embeddings
{e1,ea,..., ey} are obtained, we perform hierarchical clus-
tering over these embeddings to group similar subgraphs. As
a result, subgraphs with substantial overlap (i.e., subgraph-
level redundancy across queries) are automatically assigned
to the same cluster. Their corresponding queries are thus
grouped for shared processing, effectively addressing the
challenge of structural redundancy identification.

Example. As illustrated in Figure 2, given a batch of queries
{q1,92,- - -, qm } and their corresponding retrieved subgraphs
{s1, s2,...,Sm}, we first encode each subgraph into an em-
bedding {e1, €2, ..., e, } using the pretrained GNN. Hierar-
chical clustering is then applied with a predefined number of
clusters (i.e., ¢ = 2) to group similar embeddings together.
For instance, embeddings e1, e and eg are assigned to cluster
(5,1, while the remaining form cluster Cs 5. Consequently,
both the retrieved subgraphs and their associated queries are
grouped accordingly, laying the foundation for downstream
subgraph-level cache reuse.
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Representative Subgraph Construction

Although queries with significant structural redundancy can
be effectively identified through GNN-based clustering, the
retrieved subgraphs are generally partially shared, as they
may differ in size, topology, or node alignment. This contrasts
with text-based reuse methods, where cached units such as
sentences or document chunks are typically assumed to be
identical and easily shareable.

To address this challenge, we introduce a simple and effec-

tive representative subgraph as the shared structural input and
natural cached unit for each query cluster. It is constructed by
taking the union of all nodes and edges from the subgraphs
retrieved by the queries within a specific cluster. The result-
ing structure captures the full relational context shared across
the cluster and serves as a comprehensive, reusable input that
supports both accurate response generation and structural
redundancy elimination.
Example. As presented in Figure 2, suppose the subgraph
embeddings are grouped into two clusters: C ; containing
51, S2, and s3, and Cy 5 containing the remaining subgraphs.
For cluster C5 1, we construct the representative subgraph
52,1 by merging all nodes and edges from the corresponding
retrieved subgraphs {s1, s2, s3}. Likewise, another represen-
tative subgraph s, o is constructed for C5 o by merging the
subgraphs assigned to that cluster.

Subgraph-level Cache Reuse

While representative subgraphs provide unified structural in-
put for each query cluster, efficiently leveraging them during
response generation remains non-trivial. To achieve this, Sub-
GCache adopts a cluster-wise processing strategy, enabled
by a subgraph-level caching mechanism that pre-computes
attention states once and reuses them across all queries within
the same cluster. Specifically, for each cluster, SubGCache
constructs a prompt based on its representative subgraph, fol-
lowing standard graph-based RAG pipelines. The prompt is
then fed into the LLM to pre-compute intermediate attention
states across transformer layers, which are stored in GPU
memory as a cluster-wise KV cache and reused by all queries
in the cluster. When processing each query, SubGCache ap-
pends query-specific question tokens to the cached subgraph
prompt, allowing the model to reuse the precomputed KV
cache for the shared structural context tokens and compute
new KV tensors only over the appended question tokens,
thereby avoiding redundant computation.

Once all queries in a cluster are processed, the correspond-
ing KV cache is released to free GPU memory before moving
to the next. This cluster-wise cache management eliminates
redundant computation, reduces memory usage, and ensures
scalability for large in-batch query workloads.

Example. Continuing the example in Figure 2, after ob-
taining clusters C' ; and C o with their representative sub-
graphs s3 1 and sz 2, SubGCache processes them sequentially.
Specifically, it first processes C' 1 by constructing a prompt
for so ;1 and computing its KV cache P, ;, which is then
stored in GPU memory. All queries in C5; achieve cache
hits by reusing this shared KV cache. Once all queries in Cs ;
are served, the cache is released to free GPU memory. Then,



Model Scene Graph OAG

ACCYT RT| TTFT| PFTT| ACCYT RT| TTFT{ PFTT]

Backbone: Llama-3.2-3B
G-Retriever 62.00 664.71 642.86 321.26 96.00 974.94 921.00 245.07
G-Retriever+SubGCache | 64.00  132.93 112.93 26.92 97.00 190.73 141.19 29.94
AG_Retricver 12.00 1500x 1569x 111.93x | 11.00 1511x 16.52%x 718.19%
GRAG 60.00  559.17 540.99 400.18 98.00 243.50 186.61 82.63
GRAG+SubGCache 61.00 154.79 132.60 19.77 97.00 174.79 124.44 30.84
AGRrac 71.00 1361x 1408x 119.77x | L 1.00 1139x 11.50x 712.68x
Backbone: Llama-2-7B
G-Retriever 59.00  970.04 938.44 705.51 94.00 922.83 852.95 524.32
G-Retriever+SubGCache | 66.00  168.52 140.54 45.55 94.00 282.52 217.26 60.63
AG_Retriever 17.00 1576x 16.68x 11549x 0.00 1327x 1393x 18.65x%
GRAG 56.00 1299.79 1264.70 924.11 99.00 441.97 375.13 217.17
GRAG+SubGCache 57.00 234.87 202.96 50.53 99.00 258.67 188.84 62.23
Acrac 11.00 1553x 1623x 118.29x 0.00 T1.71x 11.99x 13.49x
Backbone: Mistral-7B
G-Retriever 66.00 960.42 930.76 742.55 99.00 766.29 687.10 552.65
G-Retriever+SubGCache | 66.00  236.21 204.32 52.11 99.00 315.35 237.74 63.42
AG_Retriever 0.00 14.07x 1456x 114.25% 0.00 1243x 12.89x 18.71x
GRAG 57.00 1113.75 1081.97 966.54 99.00 539.39 458.70 243.82
GRAG+SubGCache 66.00 194.68 164.01 52.44 99.00 237.04 159.25 63.04
AGrac 19.00 1572x 16.60x 11843x 0.00 1228x 12.88x 13.87x
Backbone: Falcon-7B

G-Retriever 64.00  826.56 790.46 702.11 98.00 1049.20 964.67 526.74
G-Retriever+SubGCache | 66.00  195.29 159.81 52.16 97.00  374.53 294.55 59.66
AG_Retricver 12.00 1423x 1495x 11346x | [ 1.00 1280x 13.28x 718.83x%
GRAG 57.00 1142.68 1105.78 954.17 97.00 483.21 400.54 198.88
GRAG+SubGCache 60.00 27245 238.04 50.49 96.00  249.28 169.03 59.18
AGRrac 13.00 14.19x 14.65x 11890x | [ 1.00 1194x 12.37x 713.36x%

Table 1: Overall performance. The best results are highlighted in bold.

SubGCache repeats the procedure for C'; » using sz 2 and
P, ». This cluster-wise reuse and release strategy ensures ef-
ficient memory usage and eliminates redundant computation,
even with large in-batch workloads.

Discussion. SubGCache enables flexible control over cache
reuse granularity by adjusting the clustering level. Finer
clustering (i.e., more clusters) yields more query-specific
prompts, but limits reuse opportunities. In contrast, coarser
clustering (i.e., fewer clusters) promotes greater reuse by
grouping more queries together and generating subgraphs
with broader context. This often enhances generation qual-
ity, although it may also introduce minor noise in rare cases,
as observed in our experiments. Notably, when each query
forms its own cluster, the method naturally reduces to stan-
dard graph-based RAG.

Experiments

Datasets: We use Scene Graph (He et al. 2024), OAG (Zhang
et al. 2019; Zhu et al. 2025b) and DBLP (Tang et al. 2008)
datasets for in-batch query evaluation for graph-based RAG.
The details of datasets are available at Appendix A in the
extended version.
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Setup: We adopt two representative graph-based RAG meth-
ods, G-Retriever (He et al. 2024) and GRAG (Hu et al. 2025),
as our baseline models. SubGCache is then integrated as a
plug-and-play module, resulting in G-Retriever+SubGCache
and GRAG+SubGCache. All methods are tested with dif-
ferent LLM backbones: Llama-3.2-3B (Dubey et al. 2024),
Llama-2-7B (Touvron et al. 2023), Mistral-7B (Team et al.
2023), and Falcon-7B (Penedo et al. 2023). All experiments
are conducted in an inference-only setting with frozen LLMs.
We evaluate performance with four metrics: accuracy (ACC),
response time (RT), time-to-first-token (TTFT), and prefill
and first token time (PFTT). ACC is reported as a percentage
(%), and the other metrics in milliseconds (ms). Details on
configurations and evaluation metrics are provided in Ap-
pendix B and C, respectively.

Main Results

Table 1 summarizes the overall results on Scene Graph and
OAG datasets using four LLM backbones, and additional
results on the DBLP dataset are provided in Appendix G.

Reduced latency with comparable effectiveness. Compared
to the baseline models G-Retriever and GRAG, integrating



Methods Scene Graph OAG
ACCt RT,  TTFT), PFTT} | ACCt RT} TTFT|, PFTT}
50 in-batch queries
G-Retriever 58.00 47990  458.56 308.45 98.00  386.50  331.04 222.13
G-Retriever+SubGCache | 64.00 15596  134.94 28.02 100.00 19298  140.92 33.00
AG_Retricver 176.00 13.08x 1340x 111.01x | 12.00 12.00x 71235x 16.73%
GRAG 58.00 260.42  251.51 396.92 | 100.00 248.94 192.28 83.41
GRAG+SubGCache 58.00 80.82 68.75 30.10 100.00 18144  127.00 28.68
AGcraG 0.00 13.22x 13.66x 113.19% 0.00 1137x 1151x 1291x
150 in-batch queries
G-Retriever 64.00 643.15  621.96 316.34 97.33  547.08 49147  221.23
G-Retriever+SubGCache | 65.33  145.15  123.35 28.07 97.33  184.59  134.36 29.00
AG_ Retriever T1.33 1443x  1504x  1T11.27x 0.00 1296x 13.66x 17.63x
GRAG 58.67  543.09  786.74 400.69 98.67  237.65 184.10 80.52
GRAG+SubGCache 59.33 162.81  206.61 29.76 98.67 179.81  130.32 29.91
AGcrac 10.66 1334x 1381x 113.46x 0.00 11.32x f141x 12.69%
200 in-batch queries
G-Retriever 64.50 439.39  418.35 306.75 97.00 475.00 420.67 214.68
G-Retriever+SubGCache | 64.50 130.14  111.27 25.33 98.00 190.39 139.42 30.70
AG_Retricver 0.00 13.38x 1376x 112.11x | 11.00 1249x 13.02x 16.99x%
GRAG 58.00  541.30  521.25 400.44 99.00  249.59 192.45 80.04
GRAG+SubGCache 60.00 160.60  136.02 28.93 98.50 184.14  132.25 29.04
AGrAG 1200 1337x 1383x 113.84x | 1050 11.36x T1.46x 12.76x%

Table 2: Effect of different in-batch query size on the Scene Graph and OAG datasets. (Backbone: Llama-3.2-3B).

our SubGCache framework (i.e., G-Retriever+SubGCache
and GRAG+SubGCache) consistently reduces latency across
both datasets. Specifically, for G-Retriever, SubGCache
achieves up to0 5.76x / 5.11 x reduction in RT, 6.68 x / 6.52 %
speedup in TTFT, and 15.49x / 8.19x reduction in PFTT on
Scene Graph and OAG, respectively. For GRAG, it yields
5.72x [ 2.28x reduction in RT, 6.60x / 2.88 x speedup in
TTFT, and 18.43x / 3.87x reduction in PFTT. These sub-
stantial latency reductions come with comparable or even
improved accuracy: up to 9.00% gain on Scene Graph, and
only a minor drop (i.e., 1.00%) in rare cases on OAG.

Consistent improvement across LLM backbones. SubG-
Cache consistently reduces latency with comparable genera-
tion quality across different LLM backbones, regardless of
architectural or scale differences. This confirms its robustness
and generalization as a plug-and-play optimization.

Understanding why SubGCache works. SubGCache signif-
icantly reduces inference latency with comparable accuracy
by addressing two key challenges in graph-based RAG: iden-
tifying and exploiting structural redundancy. (1) It clusters
in-batch queries based on the semantic and structural sim-
ilarity of their retrieved subgraphs using pretrained GNN
embeddings, enabling queries with overlapping context to
be grouped and processed together. (2) For each cluster, it
constructs a representative subgraph by merging the retrieved
subgraphs into a unified structure. The KV cache for this
shared input is computed once and reused across all queries
in the cluster, avoiding redundant computation while preserv-
ing relational context. Only in rare cases, the merged context
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may introduce minor noise, leading to slight degradation in
effectiveness (less than 1.00%). Together, these two designs
explain the observed latency reduction and stable generation
quality across datasets and LLM backbones, highlighting
SubGCache’s practical value as an efficient caching strategy
for graph-based RAG.

Impact of Cluster Number

To evaluate the effect of cluster number, we compare G-
Retriever with G-Retriever+SubGCache by varying cluster
numbers in {1, 2, 3, 4, 5, 10, 20}, and report ACC (%) and
TTFT (s) on both datasets using the Llama-3.2-3B backbone,
as shown in Figure 3.
Trade-off between latency and accuracy. As observed, finer
clustering (i.e., more clusters) tends to preserve more query-
specific context that can improve accuracy, while coarser
clustering boosts cache reuse and reduces latency. However,
this trade-off is not strictly monotonic. Both latency and accu-
racy fluctuate across cluster settings due to competing factors.
Fewer clusters enable more frequent reuse but larger repre-
sentative subgraphs, increasing prompt length and cache over-
head. More clusters reduce reuse opportunities but produce
shorter prompts. This results in a non-linear latency trend,
where TTFT does not steadily increase with cluster number.
On the accuracy side, coarser clustering may improve quality
by aggregating richer subgraph context, or slightly degrades
performance by introducing irrelevant information.

Despite these variations, SubGCache performs well even
with small cluster number. On Scene Graph, the 1-cluster
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Figure 3: Impact of cluster number.

setting achieves 5.69x speedup in TTFT while surpassing
baseline’s accuracy. On OAG, the 2-cluster setting yields a
favorable result, achieving a 1.00% accuracy gain alongside
6.52x speedup in TTFT, respectively. These results high-
light the importance of selecting an appropriate clustering
granularity to balance latency and accuracy.

Cluster Processing Time

Figure 4 compares the LLM response time (blue) and clus-
ter processing time (red) of G-Retriever+SubGCache under
different cluster numbers {1, 2, 3, 4, 5, 10, 20, 30, 40, 50}
on both datasets. Cluster processing time includes graph en-
coding, hierarchical clustering, and representative subgraph
construction. We summarize four key observations:
Minimal processing overhead. Cluster processing time re-
mains low across all cluster configurations. On Scene Graph,
it accounts for less than 2.1% of total latency, and below
6% even on the larger OAG dataset with 50 clusters. These
results show that SubGCache’s clustering stage introduces
only modest overhead relative to total inference time.
Higher cost on larger graphs. OAG incurs higher process-
ing time than Scene Graph, primarily due to its larger graph
size. These properties result in larger retrieved subgraphs,
increasing the number of nodes and edges to encode, and
leading to higher computational cost during both GNN-based
embedding and representative subgraph construction.
Non-monotonic variation. Cluster processing time does not
increase linearly with cluster number. While more clusters re-
quire more representative subgraphs, each individual cluster
is smaller, reducing per-cluster encoding time. Additionally,
hierarchical clustering complexity depends on the number of
inputs, rather than the number of output clusters, contributing
to the non-linear trend.
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Figure 4: Cluster processing time vs. LLM response time by
varying cluster numbers.

LLM response time generally increases with cluster num-
ber. Finer clustering limits cache reuse across queries, lead-
ing to longer response times. Slight fluctuations arise from
larger merged subgraphs, which generate longer prompts and
incur higher inference costs.

Impact of in-batch size

We evaluate SubGCache under varying in-batch sizes: 50,
100 (from Table 1), 150, and 200, using Llama-3.2-3B. The re-
sults are in Table 2, with additional evaluations using Llama-
2-7B, Mistral-7B, and Falcon-7B provided in Appendix E.
As observed, SubGCache consistently reduces latency while
preserving and often improving generation quality across
different in-batch sizes. The results demonstrate SubGCache
scales well with in-batch size, supporting its practicality in
real-world applications.

Remark. The case study is presented in Appendix D, and
additional comparisons of different linkage strategies are
provided in Appendix F.

Conclusion

This paper introduces a new research problem: in-batch query
processing for graph-based RAG, aiming to reduce infer-
ence latency through batch-level optimization. To address
this, we propose SubGCache, a novel subgraph-level caching
framework that tackles the problem-specific challenges of
identifying and exploiting structural redundancy in retrieved
subgraphs. SubGCache is simple, plug-and-play, and easily
integrable into existing graph-based RAG approaches. Ex-
periments across various LLM backbones and graph-based
RAG frameworks demonstrate that SubGCache significantly
reduces inference latency, while preserving and even improv-
ing generation quality.
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