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Abstract

Retrieval-Augmented Generation is a powerful
tool for NLP applications. Yet, it is challenging
to encode large knowledge bases as compact of-
fline structures while simultaneously achieving
accurate, low-latency online retrieval. We pro-
pose ZoomRAG, a coarse-to-fine, hierarchical
graph inference method to tackle the challenges.
ZoomRAG formulates the retrieval task as ran-
dom walks across multi-scale relational graphs.
At the coarse level, it constructs a global re-
lational graph and performs a query-initiated
random walk to quickly locate a few relevant
documents over the entire corpus. Af the finer
level, it “zooms into” the selected documents
to capture fine-grained semantic and temporal
relations, and conducts a second random walk
to pinpoint salient evidence chunks for genera-
tion. This coarse-to-fine strategy substantially
reduces offline indexing costs and accelerates
online retrieval. Moreover, random-walk based
topological reasoning over rich, multi-scale re-
lational structures enables ZoomRAG to effec-
tively aggregate multi-hop evidence while sup-
pressing noise. Finally, we address the dif-
ficulty of handling concurrent RAG queries
by algorithm-parallel ZoomRAG. Overall,
ZoomRAG avoids building expensive knowl-
edge graphs while achieving 2.2% — 4.9% ab-
solute gains in accuracy over SOTA RAG mod-
els, with an average online retrieval latency
per-query as low as 0.019 secs by processing
hundreds of queries concurrently.

1 Introduction

Retrieval-Augmented Generation (RAG) can effec-
tively enhance question-answering capabilities of
LLMs (Lewis et al., 2020; Guu et al., 2020; Gao
et al., 2023; Chen et al., 2024a; Xia et al., 2025) by
accessing external knowledge without requiring ad-
ditional fine-tuning (Siriwardhana et al., 2023). By
decoupling information retrieval from answer gen-
eration, RAG produces more reliable responses. A
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typical RAG pipeline involves segmenting corpus
into chunks, building an index to retrieve relevant
information, and feeding into an LLLM to generate
answers (Wang et al., 2024a; Chen et al., 2024b).

Early RAG frameworks relied on similarity-
based matching, which is effective for simple
queries (Lewis et al., 2020; Guu et al., 2020),
but may ignore structural relationships in com-
plex scenarios. Then various structural modeling
frameworks are introduced, such as tree-based
approaches (e.g., RAPTOR (Sarthi et al., 2024),
SiReRAG (Zhang et al., 2025a)) that recursively
summarize text to capture thematic associations
within documents, and knowledge-graph based
methods (Han et al., 2025; Zhu et al., 2024; Peng
et al., 2024; Gutiérrez et al., 2024) that focus more
on extracting entities and their relationships to sup-
port factual reasoning (see more in related work).

Despite these advances, challenges remain in
RAG research. (1) Constructing compact offline
indices for large knowledge bases is difficult. For
example, high-quality knowledge graphs can be
highly costly and resource demanding, and their
entity—relation—entity triples may introduce spu-
rious connections due to limited textual ground-
ing (Zhuang et al., 2026). Recent lightweight
models effectively improve the computational ef-
ficiency, but may affect structural expressiveness
in complex reasoning scenarios (Li et al., 2025a;
Zhuang et al., 2026). (2) Objects in a knowledge
base, such as entities, documents and sentences
are interconnected with complex high-order depen-
dencies, making it difficult to identify the right
inference pathway for reliable multi-hop reason-
ing. (3) Handling RAG queries in parallel received
little attention, despite the practical need for high-
throughput systems.

To address these challenges, we propose Zoom-
RAG, a hierarchical, graph-based reasoning ap-
proach for RAG tasks. ZoomRAG formulates the
retrieval task as a random-walk running across
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multi-scale relational graphs to “zoom into” rel-
evant information adaptively and efficiently. Zoom-
RAG operates at two complementary levels of
granularity. At the coarse level (Doc-Zoom), it
constructs a global tripartite graph that encodes
semantic and structural connections among docu-
ments, entities, and the query. A query-initiated
random walk traverses this graph to efficiently iden-
tify the top-k most relevant documents over the
entire corpus. At the fine level (Chunk-Zoom), it
builds a local bipartite graph capturing fine-grained
sentence—entity relations within the selected docu-
ments, and performs a second random walk to fur-
ther narrow the search space and pinpoint salient
evidence chunks for generation.

The coarse-to-fine strategy in ZoomRAG sub-
stantially improves both offline efficiency and on-
line retrieval performance. Moreover, the flexi-
ble topological reasoning of random walks allows
ZoomRAG to integrate rich global structure with
fine-grained contextual information, thereby sup-
pressing noise and supporting robust evidence ag-
gregation. Finally, we introduce an algorithm-
parallel variant to improve system throughput while
incurring minimal memory overhead, thereby sup-
porting hundreds of concurrent queries efficiently.

ZoomRAG has several important advantages:

Resource-efficient offline graph construction.
ZoomRAG only requires simple entity recog-
nition to build multi-scale information graphs
as the off-line index, which is highly resource
efficient and enhances scalability of RAG sys-
tems. Empirically, ZoomRAG is up to 440X faster
and 6 X more memory-efficient than SOTA models
requiring knowledge graph construction (Table 3).

Time-efficient, parallelizable on-line retrieval.
ZoomRAG leverages random-walks across multi-
scale information graphs to quickly locate relevant
objects in a coarse-to-fine manner. Besides, we
devised an algorithm-parallel version to greatly im-
prove system throughput. Empirically, ZoomRAG
can handle hundreds of queries in parallel with
average latency as low as 0.019 seconds, about
6 — 147 % faster than SOTA models (Table 3).

Effective multi-hop topological reasoning.
ZoomRAG effectively captures high-order depen-
dencies by utilizing rich local/global topological
contexts across multi-scale information graphs.
The restarted random-walk allows dynamically re-
fining search scope while avoiding noise accumula-
tion in multi-step queries. Empirically, ZoomRAG
consistently yields 2.2% — 4.9% absolute gains in

EM and F1 over recent SOTA models (Table 1).
Our contributions are summarized as follows.
— We propose to encode knowledge base as

multi-scale graphs, and to employ restarted ran-

dom walks to systematically exploit local/global
graph topology for robust and accurate retrieval.

— We introduce a coarse-to-fine retrieval strat-
egy to locate relevant pieces of information, to-
gether with a parallel version to significantly im-
prove the online retrieval efficiency.

— We conduct comprehensive evaluations on
three benchmark datasets against several state-of-
the-art approaches, and show improvements in both
online/offline efficiency and generative accuracy.

2 Related work

RAG systems can effectively improve question an-
swering and reasoning by incorporating an exter-
nal knowledge sources (Zhao et al., 2024; Gupta
et al., 2025; Jin et al., 2024). Early attempts relied
on dense retrieval, which represents queries and
chunks as dense vectors and computes semantic
similarity via inner products (Fan et al., 2024; Ram
et al., 2023; Xu et al., 2023; Zhang et al., 2023;
Sharma et al., 2024). However, relationships be-
tween items in the database may be ignored, mak-
ing complex, multi-step queries still a challenge.
To address these limitations, recent research inte-
grated tree- and graph-based structures to enhance
the reasoning capabilities for complex queries.
Tree-based methods like RAPTOR (Sarthi et al.,
2024) builds a tree bottom-up by recursively em-
bedding, clustering, and summarizing text chunks;
SiReRAG (Zhang et al., 2025a) introduces a dual-
tree structure to model similarity and relatedness
separately; CFT-RAG (Li et al., 2025b) organizes
entities in a hierarchical tree. While effective for
single-document, tree structures are inherently hier-
archical and less suited for capturing global, cross-
document relationships in large corpora.
Graph-based methods explicitly model relations
for cross-document reasoning (Cai et al., 2025;
Xu et al., 2024; Chen et al., 2025a). For instance,
GraphRAG (Edge et al., 2025) builds the graph to
organize multi-level information through summa-
rization, and HippoRAG 2 (Gutiérrez et al., 2025)
constructs an entity-guided KG for deep knowledge
integration. HopRAG (Liu et al., 2025b) constructs
passage-level graphs via pseudo-queries to simu-
late reasoning paths. Recently, LightRAG (Guo
et al., 2024) proposes a simplified KG structure
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Figure 1: The coarse-to-fine graph construction and online-retrieval workflow of ZoomRAG.

with dual-level retrieval for handling both specific
entities as well as broader topics for comprehensive
knowledge discovery. LinearRAG (Zhuang et al.,
2026) exploits heterogeneous sentence-entity and
passage-entity graphs to achieve linear online and
offline complexity regarding database size.

3 Method

ZoomRAG works across two information granular-
ities to hierarchically locate relevant information:

(1) Doc-Zoom: In the coarse level, a global doc-
entity-query graph is constructed so that a random-
walk starting from the query can quickly locate
top-k most relevant documents (and entities) based
on rich structural/semantic connections;

(2) Chunk-Zoom: In the finer level, a local
chunk-entity graph encoding delicate temporal,
structural and semantic relations within the top- K
documents is used to start a second random-walk
to pinpoint useful evidence chunks for generation.

3.1 Doc-Zoom: coarse-level doc discovery

The goal of DocZoom is to quickly identify the
most relevant documents over the entire corpus. To
achieve this, we construct a global, coarse-grained
information Graph G ;b as follows.

Definition of nodes: G ., has three node types:

* Query node q,
) pn}’
* Entity nodes (unique) {e1, €2, ...,emn}.

Definition of edges: Gy, has altogether four
types of links (structural and semantic):

* Document nodes {p1, pa, . . .

* Doc-doc relation: the similarity between two

documents is defined by the normalized inner prod-
uct of their Jina-embeddings (Sturua et al., 2024).

* Doc-query relation: the similarity between a
query and a document is also computed by normal-
ized inner product of their Jina-embeddings.

* Doc-Entity relation: if entity e; appears in
document p;, their link is 1, otherwise link is 0.

* Query-Entity relation: if query ¢ contains entity
e;, their link is defined as 1; otherwise link is 0.

Given one query, n documents and m entities,
their relationships can be aggregated as an adja-

cency matrix A € RO+ntm)x(1+n+m) aq pelow
- 0 Adoc—>qry Aenty—>qry
A= Adoc—>qry Adoc%doc Aenty%doc (D)
A;I;lty—’qry A;t 0
y—doc

Here, A is naturally partitioned into nine blocks,
and each sub-block is formally defined as

Adoc%qry(i’ Q) = exp(cos(q, pi))a
Adoc—sdoc (i1, 72) = exp(cos(piy, Piy))s

| @
Aenty—>qf3’(]7 Q) = I[equ]ﬂ
A .

enty—>doc(]7 Z) = I[ej €pi)
Here, ¢ is the query index, i,i1,i2 € [1,n] are
document indices, and j € [1,m] is entity index; I
is an indicator function (true or false). Query has no
self-loop and entity-nodes are not inter-connected.
Both Agoc—doc and Agoc—sqry are sparsified row-
wise by retaining only entries beyond a threshold
(mean plus three times the standard deviation per
row) to suppress noise and reduce graph density.
On top of the coarse-level graph Ggjopqi, @ ran-
dom walk starting from the query node is used

32842



to iteratively traverse the graph, with probability
a € [0, 1] to jump back to the query node

r) = (1-a) - Ar®* D 4a.2O (3
Here, the initial distribution r(?) is a one-hot vector
indicating the query node as the start node; A de-
notes the column-normalized transition matrix, and
jump-back mechanism prevents the random walk
from drifting away from the query. After a pre-
defined number of steps, the resulting distribution
r(®) can be interpreted as a relevance ranking over
documents and entities, with the top-ranked items
serving as inputs to the second-stage search.

3.2 Chunk-Zoom: fine-grained chunk filtering

After identifying the top-K most relevant docu-
ments via DocZoom, we further refine the retrieval
granularity by narrowing the search space to these
documents and building a fine-grained information
graph Gy,.q; to locate relevant chunks in them.

Definition of nodes: G;,.,; has two node types:

sty
s€n}
Definition of edges: G;,.,; has two types of links
(integrating temporal, structural and semantic):

* Chunk-entity relation: if an entity e; appears
in chunk ¢;, their relation is assigned a value of 1;
otherwise the link is empty (0).

* Chunk-chunk relation: chunk relations inte-
grate both temporal proximity and semantic cor-
relations. Temporally, proximity between two
chunks (in the same document) is computed by a
Gaussian decay w.r.t. their temporal distances. Se-
mantically, similarity between two chunks is com-
puted by the inner product of their embeddings.

Given [ chunks and & entities within the top-
K documents identified in the coarse level, their
relations are encoded by the adjacency matrix

* Chunk nodes {cy,ca, . ..

* entity nodes {eq, ea, . ..

Bchk%chk Bchk%enty
B(Hh)X(H_h) N |:B;|;1kaenty 0 ’ (4)

whose blocks are formally defined as:

Bchk—)enty (iv ]) = I[ejeci]u
Benoenk = w-nm(Be_) + (1 — w)-nm(Bg.,)

Here, nm(+) is matrix column-wise normalization

operator, B!_,_ and BS_,_ are the temporal and

semantic relational matrix between chunks, whose

17th entry (over the ith and jth chunk) is defined as

Btc~>c(7’v]) = exp(_(i_j)2/20-2)a
BZ*)C(ZM]) = exp(cos(ci,cj)),

with o controlling temporal decay and w € [0, 1]
balancing temporal and semantic similarities. En-
tity node is not connected to itself or other entities.

The fine-grained local graph Gy, €ncodes rich
semantic, temporal, and structural dependencies
within the retrieved documents. On top of it, we
start a second random-walk as follows

y"=01-8) By V+5.y0 5

Here, B is the column-normalized transition ma-
trix, and 3 € [0, 1] is the jump-back probability.

The initial score of the fine-level random walk,
y(©), is computed by inheriting the relevance scores
of the entity nodes within the top-K documents
from the coarse-level random walk (3), with all [
chunk nodes set to zero. This setting guides the
random walk to concentrate around query-relevant
entities when diffusing toward informative chunks
under semantic/temporal cues. In practice, we keep
the top 70% chunks with the highest random-walk
scores within the top- K retrieved documents.

The local graph Gica typically has a few tens
of nodes, far smaller than Ggjopar With tens of thou-
sands of nodes, and thus incurs negligible overhead
in overall online retrieval; see Appendix I for a
detailed cost breakdown. Empirically, the station-
ary solution of the random walk on the local graph
yields the best performance, which can be com-
puted via a small matrix inverse (Appendix E).

The adjacency matrices A (1) and B (4) both
have multiple sub-blocks, which are rescaled to
have the same average weight. This normalization
ensures the random walk has comparable probabil-
ities of transitioning across different partitions.

3.3 Parallel ZoomRAG for Concurrent Queries

In this section, we consider parallel RAG queries
in practical high-throughput systems. This setting
typically consist of a large query-agnostic offline
structure and small query-specific components. It
defies standard data-parallel strategies, as replicat-
ing the offline structures across parallel workers is
prohibitively memory expensive.

For example, data-parallel version of DocZoom
requires storing the large (m+n+1)x(m-+n+1) tran-
sition matrix (1) for each worker, leading to sub-
stantial memory waste. So we consider running
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random walks in parallel on a shared global graph
to maximize memory and computational efficiency.
A new challenge in this setting is the cross-query in-
terference, i.e., a random walk initialized from one
query ¢ may traverse other query ¢’ sharing docu-
ment/entity neighbors with g. Such interactions can
entangle the random-walk dynamics across queries
and contaminate the result of each (Appendix H).

We solve this by algorithm-parallel DocZoom.
It decouples query-specific computations from
graph components shared across queries, while
fully leveraging batched matrix operations to
achieve high efficiency and low memory waste.

We first work on a single query and then extend
it to support k queries {g;}*_, in parallel. For ¢,
the global graph adjacency matrix A; in Eq. (1)
can be written as

0 Hl} ' ©)

Ai = [HZT M

Here M € R tm)x(n+m) gpecifies documents-
entity relations shared across all queries; H; €
R1*("+m) signifies connections related to the ith
query and the documents/entities.

Let ") € R(vm+1Dx1 pe the random-walk dis-
tribution for the ith query at step ¢, initialized as
rz(»o). Define H; ; as the jth element of H; and
M. j as the jth column of M. Then the random-
walk can be equivalently calculated as follows:

{r(t) [] = Z?i{" H;;- Zg‘fl),

Then, the random-walk distribution rgt) for all the
k queries at step t, R = [rgt), rgt), ey r,(f)],

can be computed in parallel as:

RO 1" (Hoz)'

- ﬁTQE(t—1)+(Z(t—1),M)T > O

with each column the distribution for a single query,
1 € R™™" a vector of all ones, ® for element-wise
product, H the row-normalized version of H, and
Z(®) ¢ R¥*(+m) 3 matrix having entries zi(;_l)’s.

For ease of exposition, we omit the restart mech-
anism in Eq. (3) in the above derivations. When the
restart component is reinstated, the final random-

walk distribution can be compactly expressed as
Rgfz')nal = (1—a)RY +aRO),

which is used in all practical implementations.

Appendix A gives complexity analysis to show
superior space and time trade-off of algorithm-
parallel DocZoom than sequential and data-parallel
versions. For ChunkZoom, it only involves a few
relevant documents per query, and is easy to paral-
lelize with concurrent CPU processes.

4 Comparisons with Related Work

In this section, we discuss important differences

between ZoomRAG and existing RAG models.
Graph-indexing structures. Indexing struc-

tures are critical to RAG performance. The graph

7
rl(t) 2imnt1] = ﬁiT.r(tfl) ] + Z?i{n M. - . (t=Dindexing structure of ZoomRAG has a number of

7 %]

(t=1)

where 2 is defined as
t—1);.
L(t=1) _ "+ 1] . 7
Y Hij+ > it My

Here, we have computed the first [1] and remaining
entries [2:m+n+1] of rl(t) separately, corresponding
to query-specific and query-agnostic distribution
component for the ith query, respectively, to fit into
a globally parallel version more conveniently.
With the iteration formula of rgt) above, we fur-

ther define H by concatenating all H;’s as
H' =[H H) H/], ®)
and an (n+m) x k matrix E(*) with identical rows,

(t) (®)

r 1 r 1 r 1
go— |0 B L
TOWS.

ST S i R S k)

unique designs and advantages, as discussed below.

(1) ZoomRAG is knowledge-graph-free and only
requires cheap NER in building the offline-index.

Existing RAG systems such as GraphRAG (Edge
et al., 2025), GFM-RAG (Luo et al., 2025), and
HippoRAG?2 (Gutiérrez et al., 2025) rely on ex-
plicit knowledge graph construction, which in-
troduces substantial computational overhead and
is highly resource-intensive. In contrast, Zoom-
RAG bypasses this expensive step by relying solely
on named entity recognition (NER) over the cor-
pus. This design makes ZoomRAG 1-2 orders of
magnitudes faster and significantly more memory-
efficient than RAG models requiring knowledge
graph construction (Table 3).

Despite this simplification, ZoomRAG captures
comprehensive multi-scale relations among hetero-
geneous entities, queries, chunks, and documents
through its graph-based indexing structure. This
enables effective topological reasoning via random
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walks. Empirically, ZoomRAG achieves 2.2-4.9%
higher EM/F1 and 1.1-5.6% higher evidence re-
call rate compared with RAG models relying on
knowledge-graph construction (Table 1 and Ta-
ble 2). These results highlight the potential of
knowledge-free RAG paradigms, where carefully
designed relational indexing structures show clear
advantage over knowledge graphs.

(2) ZoomRAG employs augmented bi-partite (tri-
partite) graphs as its indexing structure.

The graph structures used in existing meth-
ods mainly focus on cross-partite relations like
chunk—keyword relation in KET-RAG (Huang
et al., 2025), entity—event relation in E2RAG
(Zhang et al., 2025b), and sentence—entity and pas-
sage—entity relation in LinearRAG (Zhuang et al.,
2026). In contrast, ZoomRAG has also introduced
pairwise relations within a single partition to en-
rich the relational landscape, such as semantic
document relations in the global graph, and tem-
poral/semantic chunk relations in the local graph.
This enables more coherent information propaga-
tion with notable performance gains (Table 4).

(3) ZoomRAG leverages fine-grained seman-
tic—temporal relation in the indexing stage to of-
fload part of the reasoning process from the LLM.

To the best of our knowledge, existing RAG
systems typically ignore temporal dependencies
among document chunks at the indexing stage,
and treat retrieval primarily as a semantic match-
ing problem, including methods based on random
walks (e.g., the HippoRAG series and LinearRAG).
In contrast, ZoomRAG explicitly models both se-
mantic and temporal relations (via ChunkZoom),
enabling more fine-grained reasoning and naviga-
tion over evidence pieces during retrieval stage.

This design reshapes the boundary between
retrieval and generation. Conventional RAG
pipelines enforce a strict separation between ev-
idence retrieval and reasoning, placing the full bur-
den of multi-hop inference on the LLM. In con-
trast, ZoomRAG partially shifts this burden to the
retrieval stage by embedding fine-grained seman-
tic—temporal structures directly into the index. This
effectively transforms retrieval into a form of pre-
conditioned reasoning, enabling tighter coordina-
tion with generation and potentially reducing the
number of interaction rounds required.

Other minor points discussed in Appendix G.

Parallel query processing. Most recent RAG
systems based on structured indexing perform
online retrieval sequentially (in their released

codes) (Gutiérrez et al., 2024, 2025; Zhuang et al.,
2026). Algorithm-parallel or high-concurrency
RAG is quite rare and challenging because: (1)
methods using trees or knowledge-graphs rely on
iterative path traversal whose parallelization often
requires specialized infrastructure; (2) page-rank-
based approaches like HippoRAG (Gutiérrez et al.,
2024) and LinearRAG (Zhuang et al., 2026) can
be formulated as matrix operations, but naive data-
parallel schemes may quickly exceed memory lim-
its by having to replicate the indexing structure
shared across different queries. In contrast, our
algorithm-parallel strategy allows storing query-
agnostic offline structures only once, and isolates
query-conditioned data/computation from those
shared across queries, leading to high throughput
and low memory overhead. More discussions in
parallel RAG are in Appendix D.

Coarse-to-fine strategy. ZoomRAG adopts a
coarse-to-fine strategy, with the coarse stage com-
prising document-level information propagation
and fine stage restricted to chunk-level reasoning.
This hierarchical design differs from flat retrieval
structures in existing methods. Although Linear-
RAG also uses a two-stage pipeline, its first stage al-
ready operates on fine-grained sentence-level units
across the entire corpus. In contrast, our approach
defers fine-grained modeling to the 2nd stage for
only a few selected documents, making our run-
time 45%-85% lower than LinearRAG (offline and
online) while delivering 8% gains in accuracy.

S Experiments

Datasets. We use three widely used multi-hop QA
benchmarks: 2WikiMultiHopQA (Ho et al., 2020),
HotpotQA (Yang et al., 2018), and MuSiQue
(Trivedi et al., 2022). Following standard settings
in (Gutiérrez et al., 2024; Zhang et al., 2025a; Liu
et al., 2025b), we used the same corpus and ques-
tion set as in their study to ensure a fair comparison.
Baselines. (1) Zero-shot LLM: Llama-3-8B,
Qwen2.5-7B, GPT-40-mini. (2) Basic RAG: RAG
using top-10 passages from semantic-based re-
trieval. (3) Tree-based methods: RAPTOR (Sarthi
et al., 2024) and SiReRAG (Zhang et al., 2025a).
(4) Graph-based methods: GraphRAG (Peng et al.,
2024), HippoRAG (Gutiérrez et al., 2024), Hip-
poRAG?2 (Gutiérrez et al., 2025), HopRAG (Liu
et al., 2025b), LightRAG (Li et al., 2025a), and
LinearRAG (Zhuang et al., 2026). All baselines
rigorously reproduced by their official codes.
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2Wiki HotpotQA MuSiQue Average
Method EM F1 EM F1 EM Fl EM Fl
Zero-shot LLM Inference
Llama-3-8B 20.00 23.83 2840 3575 5.00 10.80 17.80 23.46
Qwen2.5-7B 1540 1847 2140 2892 260 7.69 13.13 18.36
GPT-40 mini 2750 31.66 37.90 4645 1030 17.75 2523 31.95
Basic version RAG
NaiveRAG (Top-10) 3790 4128 4990 61.54 2140 29.75 3640 44.19
Tree-based RAG Methods
RAPTOR (ICLR 2024) 45770 49.51 48.10 6034 16.20 24.85 36.66 44.90
SiReRAG (ICLR 2025) 54.10 61.05 57.00 7097 3440 4480 4850 58.94
Graph-based RAG Methods
GraphRAG (Arxiv 2024) 45.60 52.07 54.60 6692 2840 40.08 42.86 53.02
HippoRAG (NIPS 2024) 61.30 69.20 5140 6433 28.60 3640 47.10 56.64
HopRAG (ACL 2025) 4190 4550 5040 63.12 2350 31.64 38.60 46.75
LinearRAG (ICLR 2026) 63.30 69.71 59.50 7335 2850 38.86 50.43 60.64
LightRAG (EMNLP 2025) 58.10 64.42 60.30 72.56 3550 4730 5130 61.42
HippoRAG 2 (ICML 2025) 61.80 70.65 62.30 7443 37.70 49.96 53.93 65.01
ZoomRAG (Ours) 66.70 7433 65.00 76.60 42.50 53.12 58.06 68.01

Table 1: QA performance (EM and F1 scores) of 12 methods on three benchmark datasets. GPT-40-mini used to
generate answers for all methods in the evaluation. The 1st/2nd highest score marked by bold/underlines.

Evaluation metrics. We used three key met-
rics widely used in the literature (Gutiérrez et al.,
2024; Zhang et al., 2025a): (1) Exact Match (EM),
the percentage of predictions that exactly match
ground truth after normalization; (2) F1 score, the
harmonic mean of token-level precision and recall;
and (3) Retrieval time per query (RTPQ), average
time for generating the answer for each question.

All methods employ jina-embedding-v3 (Sturua
et al., 2024) and a unified top-k retrieval setting
(k=10). Following current practices (Gutiérrez
et al., 2024; Zhuang et al., 2026; Guo et al., 2024),
we used GPT-40-mini for entity extraction and
answer generation, with a simple COT-reasoning
prompt for all methods. This setup offers a practi-
cal cost-performance trade-off such that a rigor-
ous, side-by-side comparison can be made for all
competing methods reported. Our codes ran on one
NVIDIA A6000 GPU with 3.2GHz CPU.

5.1 Evaluation Results

Accuracy. Table 1 shows that ZoomRAG achieves
strong performance on three multi-hop question
answering tasks. Compared with zero-shot LLM
inference, ZoomRAG yields substantial improve-
ments in EM and F1, with absolute gains of up
to 44.93% and 49.65%, respectively. Relative to
NaiveRAG, ZoomRAG improves average F1 by
23.82%. When compared with tree-based meth-

ods, ZoomRAG achieves 9.07%-23.11% abso-
lute gains in average F1. Even against graph-
based retrieval approaches, including the current
strongest baseline HippoRAG 2 and more recently
proposed structured RAG methods such as Linear-
RAG, ZoomRAG shows promising results, with
average F1 improvements ranging from 3% to
21.26%. These results show that the topological
reasoning over multi-scale graphs allows Zoom-
RAG to effectively integrate global structural sig-
nals with fine-grained contextual information for
robust multi-hop retrieval generation.

Evidence Recall. Table 2 reports the evidence
retrieval recall rate of all competing methods, mea-
suring the proportion of gold supporting evidence
successfully retrieved across all questions. As
shown, ZoomRAG consistently achieves the high-
est recall across all datasets, outperforming the
strongest baseline, HippoRAG 2, by margins rang-
ing from 1.09% to 5.55%. These gains are par-
ticularly notable considering that multi-stage re-
trieval pipelines are more prone to error accumula-
tion: once relevant evidence is missed in the first
stage, it cannot be recovered in subsequent steps.
ZoomRAG’s two-step retrieval strategy explicitly
mitigates this issue by tightly coordinating coarse-
and fine-grained retrieval to balance coverage and
precision. Specifically, the coarse stage leverages
global semantic and structural signals to ensure
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Method 2Wiki HotpotQA MuSiQue Average
Basic RAG

NaiveRAG (Top-10) 49.22 71.11 40.59 53.64
Tree-based RAG Methods

RAPTOR (ICLR 2024) 55.23 70.05 34.29 53.19
SiReRAG (ICLR 2025) 60.92 71.96 41.54 58.14
Graph-based RAG Methods

GraphRAG (arXiv 2024) 58.69 74.27 35.34 56.10
HippoRAG (NeurIPS 2024)  91.63 84.15 56.30 77.36
LinearRAG (ICLR 2026) 92.81 95.76 50.94 79.83
LightRAG (EMNLP 2025)  74.10 92.88 64.90 77.29
HippoRAG 2 (ICML 2025)  93.83 97.95 83.35 91.71
ZoomRAG (Ours) 94.92 99.15 88.90 94.32

Table 2: Evidence retrieval recall of different RAG methods on three benchmark datasets.

Method Offline Indexing Cost Online Retrieval 70
Time (s) , Mem (GB) | | RTPQ(s) | F1 (%) 1 22*Z°&1$£‘G
HipPORAG2
RAPTOR 5,446 4.68 1.41 44.90 64 % Higpo
SiReRAG 15,633 13.82 453 61.79 :25 y o SiReRAGE_ o
GraphRAG | 10,630 2.57 1535 53.02 © 55 A2 LinearRAG LIghtAAG
o
HippoRAG | 7,275 19.90 2.17 56.64 2|3 Hipp?RAG
. (6}
HippoRAG.| 3,343 16.70 2.80 65.01 Egg & GraphRAG A
LightRAG | 153474 5.97 6.90 61.42 ol S
LinearRAG | 637 5.37 0.13 60.64 a8 12 -
ZoomRAG | 346 336 | 0019 6801 - Toppremciency )
107" 10° 10"

Table 3: Off-line indexing cost and online retrieval
performance for 8 competing methods averaged across
3 datasets. Best/second-best results in bold/underline.

broad yet targeted coverage of relevant documents,
thereby minimizing early-stage errors. The fine
stage then exploits local relational structures to pre-
cisely identify key evidence chunks within selected
documents. Detailed case studies are in Table 15.
In Appendix F, we report empirical results where
GPT-40 is used for answer generation. ZoomRAG
achieves 13.13% and 5.47% gains in EM and F1,
respectively, over the best performing baseline in
Table 1. This result shows the broad adaptability
of ZoomRAG to different base language models.
Offline Indexing Cost. ZoomRAG Off-line
cost involves document entity extraction, embed-
ding, and construction of document and entity
adjacency matrix M (6). In Table 3, Zoom-
RAG takes 346 secs averagely in offline stage,
roughly 10 — 443.56 x faster than KG based meth-
ods (GraphRAG and HippoRAG 2) and twice as
fast as LinearRAG. ZoomRAG requires 3.36 GB
on average — up to 6 x less than other graph-based
methods. While GraphRAG takes 25% less mem-
ory, it is 30x slower. Moreover, ZoomRAG is

Retrieval-Time Per Query(s)

Figure 2: Averaged Answer-quality (F1) versus online-
efficiency (retrieval time per query) for all methods.

highly scalable: new documents can be incorpo-
rated by appending new rows to adjacency matrix
without re-indexing the entire graph.

Online Retrieval Efficiency. ZoomRAG online
cost involves query entity resolution, query embed-
ding, query link construction, global random walk,
chunk—entity graph construction and local random
walk. In Table 3, ZoomRAG takes only 0.019 sec-
onds for each online query, 114 — 807 x faster than
KG-based methods while attaining the highest ac-
curacy. The combined advantage in efficiency and
accuracy is further illustrated in Figure 2. See a
comprehensive latency analysis in Appendix J.

5.2 Ablation Studies

Table 4 analyzes impact of key design choices in
ZoomRAG. (1) Removing the fine-level Chunk-
Zoom stage reduces average F1 by 2%, high-
lighting the importance of combining global ex-
ploration with local refinement. (2) Eliminating
within-partite linkages degrades performance sub-
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stantially: removing document—document edges in
the first stage results in a 14% drop, while removing
chunk—chunk semantic and temporal links in the
second stage causes a further 10% decrease. This
verifies that within-partite connections effectively
enrich graph structure and strengthen random-walk-
based reasoning. (3) At the coarse Doc-Zoom level,
removing entity nodes reduces average F1 by 16%,
and removing query—entity links leads to a 5%
drop, underscoring the integral role of the docu-
ment—query—entity tripartite graph in ZoomRAG.

(a) Memory Usage (b) Retrieval Time
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Figure 3: ZoomRAG behavior in parallel setting. (a)
Memory usage of algorithm-parallel vs. data-parallel
versions. (b) Retrieval time per query across batch size.

Method ‘ 2Wiki HotpotQA MuSiQue Avg
ZoomRAG | 74.33 76.60 5312 68.01 Dataset  Method Indexing Time (s) Memory (MB)
Hierarchical Search Strategy sM LinearRAG 12802.57 13426.01
wio Fine-Grained Search | 71.81  75.02 5102 6595 Z0oomRAG (Ours) 552.61 366944
Graph Construction(in Doc-Zoom) 10M LinearRAG 24386.06 22401.48
- ZoomRAG (Ours) 1177.97 6103.04
w/o entity node 57.79 66.79 32.58 52.38
w/o query-entity link 69.58 73.90 4567  63.05 15M LinearRAG 44051.11 41979.59
w/o doc-doc link 63.58 66.61 33.72 54.63 ZoomRAG (Ours) 1846.31 10451.02
Graph Construction(in Chunk-Zoom) 20M LinearRAG 57544.17 50271.88
wio chk-chk link (semantic) | 69.56  73.91 4941 6429 ZoomRAG (Ours) 2425.69 13914.83
w/o chk-chk link (temporal) | 72.90 75.34 51.68 66.64 M LinearRAG 136426.43 124866.48
wlo chk-chk link (overall) | 64.82  68.14 4243 5846 50 Z0omRAG (Ours) 5753.42 32530.78

Table 4: Ablation studies of ZoomRAG.

Appendix C (Fig.4) reports ZoomRAG’s accu-
racy over key hyper-parameters, including random-
walk iterations 7', restart probabilities « and 3, and
the number of retrieved documents K. The per-
formance curves exhibit stable and regular trends
with a clear saturation point, making these hyper-
parameters easy to select in practice. In all experi-
ments, we simply fixed 7' =5, a = 0.8, 5 = 0.9,
and K = 10. More hyper-parameter studies are
also provided in Appendix C.

5.3 Scalability Analysis

Figure 3 shows ZoomRAG parallel behavior. (a) as
the inference batch size increases from 1 to 256, the
memory cost rises by less than 1%, demonstrating
substantial memory efficiency. In contrast, a naive
data-parallel strategy leads to out-of-memory errors
quickly on processing 27 concurrent queries. (b)
shows that the average processing time per query
decreases steadily with batch size. Empirically,
the efficiency reaches a plateau when processing
more than 512 concurrent queries, with an average
processing time of 0.019 seconds per query, which
we largely attribute to I/O bandwidth limitations.
Table 5 compares the offline scalability profile
of ZoomRAG with LinearRAG, a recently released
and highly efficient RAG model. When the pro-
cessed token-subset increases from 5M to 50M,

Table 5: Index construction time and memory con-
sumption of LinearRAG and ZoomRAG on large-scale
ATLAS-Wiki subsets ranging from SM to 5S0M tokens.

Z0oomRAG shows (sub-)linear scaling in both time
and memory. It is about 23x faster than Linear-
RAG and takes about 73% less memory. This
demonstrates ZoomRAG’s strong offline scalabil-
ity and efficient resource usage.

6 Conclusion

We have proposed ZoomRAG, a hierarchical re-
trieval method on multi-scale information graphs
to improve practical efficiency, accuracy and scala-
bility of RAG systems. ZoomRAG avoids expen-
sive knowledge graph construction and introduces
algorithm-parallel random-walk retrieval so that
RAG can be more friendly to large-scale and high-
concurrency applications. Besides, encouraging
results on popular multi-hop QA benchmarks are
observed. In the future, we will study how to build
more informative off-line graph structures to fur-
ther improve reasoning and efficiency.
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8 Limitations

Despite the encouraging results, our approach has
a few limitations. First, the empirical evalua-
tions were primarily conducted on three widely
used multi-hop QA datasets 2Wiki, HotpotQA, and
MuSiQue. To ensure broader applicability and
a more comprehensive assessment, future evalu-
ations should include a more diverse set of datasets
and question types. Second, all the datasets used
in our experiments are English-language datasets.
This lack of multilingual evaluation limits our un-
derstanding of the model’s generalizability and ro-
bustness across different languages. Future work
should include datasets in other languages to thor-
oughly assess the effectiveness and adaptability of
Z0oomRAG in multilingual/cross-lingual scenarios.
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A Time and Space Complexity Analysis
of Algorithm-Parallel Random Walk

We analyze the time and space complexity of
random-walk-based retrieval under three versions:
the sequential version, the naive data-parallel ver-
sion, and the proposed algorithm-parallel version.
The comparison is summarized in Table 6.

Method ‘ Time complexity ‘ Space complexity

O (kY| + ky(m+n)) O(IV| +~(m +n))
O (kY| + ky(m+n))/k | O(k|V| + ky(m + n))
O(V|+ky(m+n))/k | O(|V| + ky(m +n))
m: num. documents, n: num. entities, k: num. parallel queries;

[V|: num. non-zeros in sparse matrix My, 1n)x (n+m) - Eq. (6)

~: sparsity ratio of query-dependent links

Sequential
Parallel (naive)
Parallel (ours)

Table 6: Time and space complexity of sequential, data-
parallel and algorithm-parallel random-walks.

In sequential version, each query independently
performs random walk propagation over the same
document—entity graph. For k queries, the total
time scales linearly as O (k|V|+kvy(m+n)), where
|V| denotes the number of non-zero entries in the
shared graph matrix and ~y(m + n) accounts for
sparse query-dependent links. The space complex-
ity is O(|V| + v(m + n)), dominated by storing
the global graph and query-specific vectors.

The naive data-parallel version reduces wall-
clock time by processing k queries concurrently,
but requires replicating the entire graph structure
for each query. This results in a prohibitive space
complexity of O(k|V| + ky(m + n)), making it
impractical for high-throughput settings.

In contrast, the proposed algorithm-parallel ver-
sion decouples query-independent graph compo-
nents from query-specific computations. The docu-
ment—entity graph M is shared across all queries,
while only lightweight query-dependent vectors
are maintained separately. Consequently, the space
complexity is reduced to O(|V| + ky(m + n)),
avoiding redundant storage of the global graph.
Meanwhile, batched matrix operations enable paral-
lel propagation for all queries, yielding a per-query
time complexity of O(|V| + ky(m +n))/k.

Overall, this analysis demonstrates that the
algorithm-parallel version achieves a more favor-
able trade-off between computational efficiency
and memory consumption, enabling scalable re-
trieval under a large number of concurrent queries.

B Datasets Statistics

Table 7 summarizes the key statistics of the datasets
used in our experiments: 2Wiki, HotpotQA, and
MuSiQue. Each dataset contains 1000 queries,
with varying numbers of documents and supporting
facts. The average document word count also dif-
fers across datasets, reflecting their unique charac-
teristics. Specifically, 2Wiki has 6,119 documents
with an average token count of 111.63, HotpotQA
includes 9,221 documents averaging 132.1 tokens,
and MuSiQue contains 11,656 documents with an
average token count of 116.94.

We used the datasets strictly in accordance with
their license requirements and solely for research
purposes. More specifically, 2Wiki is released un-
der the Apache 2.0 license, HotpotQA under CC-
BY-SA 4.0, and MuSiQue under CC-BY 4.0.

Statistics 2Wiki  HotpotQA MuSiQue
#Queries 1000 1000 1000
#Documents 6119 9221 11656
#Supporting Facts 2471 2461 2648
#Avg. Doc. Tokens  111.63 132.10 116.94
#Max. Sent. Tokens 290 492 600

Table 7: Dataset statistics

C Ablation Studies

We analyze the sensitivity of ZoomRAG to core
random-walk hyperparameters at both stages, in-
cluding the iteration count (%), restart probabilities
(o, ), and the document cut-off rank (K).

Figure 4(a) shows F1 scores versus the number
of iterations ¢ (1 to 9) in the coarse-grained Doc-
Zoom stage, with o = 0.8. As noted, increasing it-
erations expands coverage to retrieve more relevant
documents, improving answer generation, but ex-
cessive steps introduce noise, causing performance
to plateau or slightly drop.

Figure 4(b) illustrates F1 scores versus restart
probability v used in the coarse-level random-walk
(0.1-0.9, with five steps). As shown, the F1 score
generally increases with «, peaking at o« = 0.8, and
then slightly decreasing. This indicates that a rela-
tively larger restart probability enhances semantic
focus and answer quality.

Figure 4(c) studies the effect of the restart prob-
ability § in the fine-grained Chunk-Zoom stage
(with o = 0.8, five iterations, and top-K = 10).
As [ increases, the F1 score consistently improves,
reaching its peak at 8 = 0.9. This suggests that
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Figure 5: ZoomRAG performance w.r.t. gaussian kernel
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a high restart probability is beneficial in the fine-
grained retrieval stage, which helps concentrate the
random walk on the most salient local evidence
while reducing unnecessary exploration.

Figure 4(d) shows F1 scores versus cut-off rank
K. Although increasing K slightly improves F1,
the gains are marginal, so we select top 10 docu-
ments to balance accuracy and computational cost.

Based on these observations, we fixt =5, a =
0.8, K = 10 for Doc-Zoom, and 8 = 0.9 for
Chunk-Zoom in all our experiments for evaluation.

We further study the temporal-semantic hyper-
parameters in the fine-grained retrieval stage, in-
cluding the temporal kernel bandwidth ¢ and the
semantic—temporal mixture coefficient w, with all
other hyperparameters fixed to isolate their effects.
As shown in Figures 5(a)—(b), performance remains
stable across a wide range of o and w, with only mi-
nor fluctuations at extreme values, indicating that
the fine-grained temporal-semantic random walk
is largely insensitive to these settings.

Overall, ZoomRAG demonstrates robust perfor-
mance across all parameter settings.

D Current Practices in Parallel RAG

Recent work has explored various forms of par-
allelism to improve the efficiency of retrieval-
augmented generation (RAG). Most existing ap-
proaches focus on accelerating the processing of
a single query, for example through pipeline par-

allelism (Jiang et al., 2024; Gao et al., 2023) be-
tween the retrieval and generation stages, specu-
lative decoding of multiple candidate responses
(Wang et al., 2024b; Chen et al., 2025b), or batched
and hardware-accelerated retrieval (Lin et al., 2025;
Liu et al., 2025a). Besides, various engineering
techniques—such as index sharding(Kim and Ma-
hajan, 2025), caching(Jin et al., 2024; Ou et al.,
2025), and batched approximate nearest neighbor
search—are commonly adopted to improve system
throughput. These approaches primarily operate at
the systems level and do not fundamentally alter
the underlying algorithmic structure of RAG.

In contrast, we explicitly target the challenge
of supporting high-concurrency RAG workloads
in a memory-efficient manner through algorithm-
parallel RAG. In this setting, a large query-agnostic
offline structure is stored only once and shared
across queries, while query-specific states and com-
putations are carefully isolated. This design en-
ables efficient concurrent execution without du-
plicating large indexes and fundamentally differs
from prior parallelization strategies, which empha-
size intra-query acceleration rather than inter-query
concurrency.

E Convergent Solution of Restarted
Random-Walk in ChunkZoom

We observe that in the ChunkZoom step, using
an effectively infinite number of restart random
walks—corresponding to the stationary distribu-
tion—yields the best empirical performance. The
stationary distribution of a restarted random walk,
given in Eq. (10), can be computed in closed form
as

vy =g(I—(1-8B)y?. (10

Since the local graph is relatively small with only
a few tens of nodes, this analytical solution can be
efficiently obtained via matrix inversion.
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Method | 2Wiki HotpotQA MuSiQue Avg

Iterative Random-Walk Solution

iter=1 71.02 75.87 52.75 66.54
iter =3 71.82 76.14 52.78 66.91
iter=5 72.86 76.10 53.00 67.32
iter =7 72.93 75.86 52.35 67.04
iter=9 73.78 75.62 52.17 67.19
Analytical Solution (small matrix inverse)

iter = co ‘ 74.33 76.60 53.12 68.01

Table 8: ZoomRAG accuracy versus the number of fine-
scale random-walks in the ChunkZoom stage.

As shown in Table 8, when comparing a finite
number of random-walk iterations (1,3,5,7,9),
the analytical solution consistently achieves the
highest average F1 scores across all datasets. This
is likely because the local chunk graph has already
been filtered by the coarse-grained retrieval stage
and thus contains highly relevant nodes, making
a fully converged random walk more effective. In
contrast, for coarse-grained retrieval in Doc-Zoom,
using a small and fixed number of iterations is more
appropriate, as it helps preserve query relevance
signals and prevents excessive propagation.

F Using GPT-40 for Answer Generation

To assess the generalization capability of Zoom-
RAG, we perform answer generation using the
stronger LLM, GPT-40, while keeping the retrieval
process unchanged. Due to API cost, we select
only HippoRAG 2 - the strongest baseline from our
main experiments - for this empirical comparison.

As shown in Table 9, ZoomRAG consistently has
a better performance across all datasets in terms
of EM and F1 scores. This demonstrates that our
mixed-granularity retrieval strategy effectively gen-
eralizes to stronger LL.Ms for answer generation.
The notable improvements on 2Wiki and HotpotQA
highlight the capability of our coarse-to-fine re-
trieval mechanism to capture key evidence in multi-
hop QA scenarios. Overall, these results further
validate the robustness and generality of our re-
trieval design.

G Starting Nodes in Random-Walks

Beyond differences in graph construction, another
key distinction lies in whether the query node is
explicitly retained during random-walk propaga-
tion. In HippoRAG 2 and LinearRAG, random

2Wiki HotpotQA MuSiQue
EM F1 EM F1 EM F1 EM F1

HippoRAG 2 4590 63.57 5320 72.67 3540 5095 4483 62.39
ZoomRAG  64.50 71.26 64.80 76.91 44.60 5541 57.96 67.86

Average

Method

Table 9: QA performance (EM and F1 scores) of Zoom-
RAG and HippoRAG 2 when GPT-40 is used solely for
answer generation.

walks are initialized from the first-order neighbors
of the query (e.g., related entities or chunks), which
excludes the query node itself from subsequent
propagation. In contrast, our approach explicitly
incorporates the query node at every iteration (as
the restart node) of the random walk, thereby main-
taining continuous query awareness throughout the
entire propagation process.

H Importance of Query Decoupling in
Parallel ZoomRAG

Here we provide empirical evidence that when ac-
commodating multiple random-walk in parallel on
a shared global graph, avoiding the interference
across different queries is crucial to preserving the
performance as in independent random-walks.

Suppose we are given m documents, n entities,
and k queries. Table 10 compares two strategies
for executing concurrent random walks. (1) Cou-
pled random walks naively run k queries in par-
allel via batched matrix-matrix multiplication by
concatenating the random-walk distributions of all
queries into a matrix and multiplying it with a uni-
fied transition matrix (encompassing all queries,
documents and entities). This formulation leads to
cross-query interference during propagation. (2)
Decoupled random walks execute k£ queries in par-
allel by explicitly separating query-specific distri-
butions from shared graph components. All queries
share a global (n+m) x (n+m) document—entity
transition matrix M (Eq. 6), while each query main-
tains its own lightweight (n 4+ m + 1)-dimensional
random-walk distribution that interacts with the
shared graph only through query-specific node con-
nections. This prevents cross-query interference
while still fully leveraging batched matrix opera-
tions for efficiency.

Table 10 shows that decoupled random walks
consistently outperform the coupled formulation,
yielding a 17.43% average improvement in F1
score across datasets. This highlights the impor-
tance of isolating query-specific propagation states
under high concurrency to avoid contaminating
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random-walk retrievals.

Method ‘ 2Wiki HotpotQA MuSiQue Avg
Uncoupled Random-walk 48.67 66.27 30.62 48.52
Decoupled Random-walk | 71.81 75.02 51.02 65.95

Table 10: F1 scores of decoupled (algorithm-parallel)
versus uncoupled random walks.

I ChunkZoom Cost Breakdown

To better understand the computational overhead
of fine-grained graph construction, we provide a
detailed analysis of the ChunkZoom sub-step per-
formance for documents of varying lengths. On the
2WikiMultihopQA dataset, we fixed the retrieval
to 10 documents and measured the average time
of each sub-step across different document lengths
(measured by the number of chunks), including
chunk embedding, chunk similarity computation,
random walk computation, and chunk ranking. The
results are shown in Table 11.

Chunks Embed(s) Sim(s) RW(s) Rank(s) Total(s)
16-40 0.0006 0.0003 0.0002 0.0002 0.0013
41-65 0.0007  0.0003 0.0002 0.0002 0.0014
66-90 0.0008 0.0003 0.0002 0.0002 0.0015
91-115 0.0008 0.0003 0.0002 0.0002 0.0015
115-144 0.0010 0.0003 0.0002 0.0002 0.0017

Table 11: Latency breakdown of ChunkZoom across
varying document lengths.

Observation. The ChunkZoom stage introduces
minimal computational overhead, with total latency
only 1.3-1.7 ms, accounting for approximately
10% of the overall retrieval cost. Among all compo-
nents, embedding construction dominates the run-
time, while similarity computation, random walk,
and ranking incur negligible overhead. As the num-
ber of chunks increases from 16—40 to 115-144 (ap-
proximately 4 x), the total latency grows only from
1.3 ms to 1.7 ms (approximately 1.3 ). This clear
sub-linear scaling behavior indicates that Zoom-
RAG is well-suited for large-scale corpora.

J Latency Performance Analysis

To provide a more comprehensive evaluation of
latency performance, we conduct experiments on
the 2Wiki dataset using 1,000 queries. We further
report single-query latency as well as tail latency
(P95 and P99) under a unified concurrency setting
to ensure fair comparisons across methods.The re-
sults are summarized as follows:

J.1 Single-Query Latency

Since all baselines are executed in a serial manner
(batch size = 1), we measured the average and tail
latency of each method under the same batch size
for a fair comparison, as shown in Table 12.

Method Batch  Avg. (s) P95(s) P99 (s)
RAPTOR 1 1.397 1.852 2.410
SiReRAG 1 4.420 5.921 7.633
GraphRAG 1 13.931 18.450 25.120
HippoRAG 1 1.569 2.103 2.843
HippoRAG 2 1 2.161 3.012 4.342
LightRAG 1 6.309 9.569  20.350
LinearRAG 1 0.137 0.179 0.235
ZoomRAG 1 0.129 0.157 0.168

Table 12: Single-query latency performance comparison
across methods.

Observation. KG-based methods such as
GraphRAG and LightRAG exhibit significantly
higher tail latency (e.g., P99 reaching 25.120 s
and 20.350 s), indicating substantial variance in
response time. Although LinearRAG achieves
relatively low average latency, its tail latency re-
mains noticeably higher than ZoomRAG. In con-
trast, ZoomRAG achieves the lowest average la-
tency (0.129 s) and maintains a stable P99 latency
(0.168 s), demonstrating its suitability for real-time
single-query scenarios.

J.2 Batch Processing and Scalability

We further evaluated ZoomRAG’s latency perfor-
mance under different batch sizes, as shown in
Table 13.

Method Batch  Avg. (s) P95(s) P99 (s)
ZoomRAG 1 0.129 0.157 0.168
ZoomRAG 4 0.045 0.051 0.068
ZoomRAG 16 0.025 0.027 0.029
ZoomRAG 64 0.019 0.020 0.021
ZoomRAG 256 0.018 0.019 0.019
ZoomRAG 512 0.018 0.019 0.019
ZoomRAG 1000 0.018 0.018 0.018

Table 13: Latency performance of ZoomRAG under
different batch sizes.

Observation. As the batch size increases, both
the average latency and tail latency (P95/P99) of
Z0omRAG steadily decrease and eventually stabi-
lize.

Overall, ZoomRAG achieves lower latency than
all baselines in single-query settings, reducing av-
erage latency by 5.8% and P99 latency by 28.5%
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compared to the best-performing baseline, Linear-
RAG. Under concurrent workloads, larger batch
size further reduces both average and tail latencies,
fully leveraging parallel retrieval capabilities.

K Case Studies

To better understand ZoomRAG’s retrieval behav-
ior, we present a qualitative case study in Table 15
on a relatively difficult multi-hop question from the
2WikiMultihopQA dataset, comparing it with two
strong baselines: HippoRAG 2 and LinearRAG.

We can see that for the two baseline methods,
they may only retrieve a limited amount of useful
evidence, or the retrieved contexts contain a mix-
ture of relevant and irrelevant information, which
can make it difficult for the model to identify the
key supporting evidence. In comparison, Zoom-
RAG shows a stronger capability in identifying rel-
evant information from the knowledge base by em-
ploying a coarse-to-fine retrieval strategy. For ex-
ample, in the coarse-level DocZoom stage, two rel-
evant documents have already been identified, pro-
viding a solid set of candidate documents, which
is better than the other two methods; in the fine-
grained ChunkZoom stage, the retrieval further pin-
points the two chunks within these documents that
are most relevant to the query, effectively refining
the evidence and focusing on the information most
critical for answering the question.

L Hyperparameters in Some Baselines

We summarize the main hyperparameters of Zoom-
RAG and two representative SOTA RAG methods,
HippoRAG 2 and LinearRAG, in Table 14. As can
be seen, they all require 4 to 5 key parameters in or-
der to properly control the behaviour of the system.
Therefore, the presence of multiple hyperparam-
eters in ZoomRAG follows common practice in
current RAG systems and does not introduce addi-
tional challenges in terms of robustness or practical
deployment compared to existing methods.

It is worthwhile to note that, through systematic
ablation studies in Appendix C, ZoomRAG have
exhibited highly regular and robust performance
profiles, making hyper-parameters easy to choose
in practice (see Figure 4).

M LLM Prompts

In choosing a base LLM for NER and answer gener-
ation, recent works have gradually shifted towards

Method Hyperparameter Value
Top-n triples 5
. Top-k passages 10
HippoRAG 2 Synonym threshold 0.8
Damping factor 0.5
Synonymy edge top-n 2047
Dynamic pruning threshold 4
LinearRAG  Damping factor 0.5
Top-k passages 10
Passage node weight 0.05
Passage ratio 1.5
Number of iterations (¢) 5
Restart probability (o) 0.8
Z0omRAG Restart probability (3) 0.9
Top-k documents (K) 10

Table 14: Main hyperparameters of ZoomRAG, Hip-
poRAG 2 and LinearRAG.

the lightweight GPT-40-mini due to its efficiency
and lower computational cost.

Following these literature, we therefore em-
ployed GPT-40-mini for two core tasks in our sys-
tem: Named Entity Recognition (NER) and answer
generation. For NER, we adopted an instruction-
based prompting strategy designed to extract enti-
ties from both the document content and the user
query. The prompt provides a clear and concise
instruction (see Figure 6), allowing the model to
consistently identify relevant entities, which are
subsequently used to build the information graph.

For answer generation, we follow the experimen-
tal settings of prior state-of-the-art RAG methods,
including HippoRAG 2 and LinearRAG, and also
adopt a chain-of-thought (CoT) prompting strat-
egy to guide the generation process. The detailed
reasoning prompt is illustrated in Figure 7.
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Question Who is the maternal grandmother of Eleanor Of Brittany (Abbess)?
Support Facts [“Eleanor of Brittany” — “mother” — “Beatrice of England”’]

[“Beatrice of England” — “mother” — “Eleanor of Provence’]
Ground Truth Eleanor of Provence

Case Study

HippoRAG2
Retrieved Context:

v (1) “Eleanor of Brittany (abbess)”: ...She was born in England to John II, Duke of Brittany and Beatrice of England...

X (2) “Blanche of Brittany”: Blanche of Brittany(1271-1327) was a daughter of John II, Duke of Brittany...

X (3) “Guy of Thouars™: Guy of Thouars (died 13 April 1213) was the third husband of Constance, Duchess of...

X (4) “Eléonore Desmier d’Olbreuse”: Eléonore Marie Desmier d’Olbreuse (3 January 1639 — 5 February 1722) was the...
X (5) “Marie of Brittany, Countess of Saint-Pole”: Marie of Brittany(1268—1339) was the daughter of John II, Duke...

Prediction: X Beatrice of England.

LinearRAG

Retrieved Context:

X (1) “Adelaide I, Abbess of Quedlinburg”: Adelaide I (973/74 - 14 January 1044 or 1045), a member of...
X (2) “Adelaide II, Abbess of Quedlinburg”: Adelaide II (1045 - 11 January 1096), a member of...

X (3) “John Ernest II, Duke of Saxe-Weimar”: John Ernest II (11 September 1627, in Weimar - 15 May 1683, in Weimar),
was a duke of Saxe-Weimar...

X (4) “Anna Amalia, Abbess of Quedlinburg”: Princess Anna Amalia of Prussia (9 November 1723 - 30 March 1787) was
Princess-Abbess...

X (5) “Matilda, Abbess of Quedlinburg”: Matilda (December 955 - 999), also known as Mathilda and Mathilde, was...

Prediction: X Unknown.

ZoomRAG

Stage I (Coarse-grained Retrieval):
Retrieved Documents:

v (1) “Eleanor of Brittany (abbess)”: ...She was born in England to John II, Duke of Brittany and Beatrice of England...

v (2) “Beatrice of England”: Beatrice of England (25 June 1242 - 24 March 1275) was a member of the House of Plantagenet,
the daughter of Henry III of England and Eleanor of Provence.

X (3) “Marie of Brittany, Countess of Saint-Pol”’: Marie of Brittany (1268 - 1339) was the daughter of John II, Duke of
Brittany, and...

X (4) “Charles the Child”: Charles the Child (Latin "Karolus puer", from the "Annales Bertinian"...

X (5) “Russell High School (Ontario)”: Russell High School is a secondary school in Russell located...
Stage II (Fine-grained Retrieval):

Retrieved Chunks:

v (1) “Eleanor of Brittany (abbess)”: She was born in England to John II, Duke of Brittany and Beatrice of England.

v (2) “Beatrice of England”: Beatrice of England (25 June 1242 - 24 March 1275) was a member of the House of Plantagenet,
the daughter of Henry III of England and Eleanor of Provence.

X (3) “Eleanor of Brittany (abbess)”: Eleanor of Brittany (1275 - 2013 16 May 1342) was the sixteenth abbess of Fontevrault.

Prediction: v/ Eleanor of Provence.

Table 15: Qualitative comparison of retrieval behaviors across different RAG methods.
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Prompt for Performing Name Entity Recognition

Prompt: You are a professional Named Entity Recognition system. Please analyze the text,
perform Named Entity Recognition, extract the key entities, and minimize the extraction of
irrelevant ones. Follow the rules below when analyzing and extracting entities from the input text.
Do not output in markdown codeblock.

Extraction Rules:

1. Return strictly formatted JSON

2. Extract only proper nouns and named entities, avoiding generic or common terms

3. Perform entity disambiguation:

- If multiple mentions refer to the same real-world entity, recognize them as referring to the same
entity and ensure that they are represented by the same standardized entity name

- If one entity has a commonly used abbreviation, make sure to use both the full name and the
abbreviation

- For example, if the text mentions "United Nations" and "UN", recognize that both refer to the
same entity and extract only "United Nations (UN)"

- Similarly, if the text contains "Apple" and "Apple Inc.", recognize that both refer to the same
entity and standardize to "Apple Inc."

4. Handle compound names appropriately:

- Treat meaningful multi-part entity names as a single entity (e.g., "Theodred II (Bishop of
Elmham)" should be treated as one entity)

- Remove non-essential qualifiers when they do not contribute to the identity of the entity (e.g.,
"Lothair I of the Franks" — "Lothair I")

5. Handle nested entities (e.g., "University of California, Berkeley" contains "California" and
"Berkeley" but should be treated as a single organization)

6. Do not extract:

- Common nouns that aren’t proper names

- Generic time references (unless they’re specific named periods, e.g., "Renaissance")

- Pronouns and other referring expressions

7. For entities with different names/spellings in the text, standardize to the most formal or
complete version

Output Format:

T json{{"entities”: [{"entity"”: "exact_text"}]1}} "
Passage: {text}

Figure 6: Prompt for Performing Name Entity Recognition.
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Prompt for LLM answer generation

System: You are an advanced reading comprehension assistant.
When answering, follow this exact structure:
1. Start with "Thought:"
- In this section, you must perform full reasoning and analysis.
- You may explain how the context leads to the answer.

- This part can be long or short, but must reflect your reasoning.
2. Then output "Answer:"

- This MUST follow strict rules:
* Use ONLY the provided context.
* NO extra words, NO explanation, NO prefixes besides "Answer:".
* If the question asks for name/date/place — return the exact item only.
* If yes/no — return "yes" or "no".
* If comparison — output only the correct entity.
- The answer must be concise and minimal, exactly like the examples.
The "Thought:" section is for reasoning.
The "Answer:" section must be concise and precise.
User: Context: {context}
Question: {question}
Thought:

Figure 7: Prompt for LLM answer generation
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