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Abstract

Hierarchical Graph Retrieval-Augmented Gen-
eration (GraphRAG) organizes corpus knowl-
edge at multiple levels of granularity, yet fixed
context construction may fail to translate these
multi-resolution representations into a context
suited to the current query. We identify this mis-
match as the representation—inference gap. We
propose Agentic Context Engineering for Hi-
erarchical GraphRAG (ACE-GraphRAG), an
inference-time context policy layer that supple-
ments and adapts the initial context for genera-
tion. ACE-GraphRAG formulates context con-
struction as a policy over gap-aware refinement,
retrieval branches, and task-conditioned adap-
tation. Parallel Differential Retrieval acquires
supplementary evidence from depth-oriented
factual and breadth-oriented semantic branches.
These evidence increments are consolidated
with the initial context while preserving prove-
nance and abstraction levels. FULL-ACE ap-
plies the full policy uniformly within each
task family, whereas ADAPTIVE-ACE selects
task- and topology-specific policies for indi-
vidual queries. We evaluate ACE-GraphRAG
on HotpotQA, 2WikiMultiHopQA, and four
UltraDomain subsets across multi-hop QA and
query-focused summarization. FULL-ACE out-
performs the evaluated RAG and GraphRAG
baselines across both task families, while
ADAPTIVE-ACE further improves multi-hop
QA and is preferred over FULL-ACE on all
four UltraDomain subsets. Ablation and topol-
ogy analyses support treating context construc-
tion as a query- and task-dependent inference
policy rather than a fixed procedure.

1 Introduction

Retrieval-augmented generation (RAG) enhances
large language models (LLMs) with exter-
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nal knowledge, improving their ability to an-
swer knowledge-intensive questions and produce
grounded responses (Gao et al., 2023). Conven-
tional RAG systems typically retrieve a small set
of semantically similar text chunks, which works
well for localized information needs but provides
limited support for relational reasoning, multi-hop
evidence aggregation, and corpus-level synthesis.
Graph-based and hierarchical RAG methods ad-
dress these limitations by organizing knowledge
into entities, relations, communities, and sum-
maries at multiple levels of granularity, making
both fine-grained evidence and higher-level seman-
tic evidence available during retrieval (Edge et al.,
2024; Gutiérrez et al., 2024; Huang et al., 2025).

However, making evidence available at multiple
levels does not ensure that it is assembled into a
context suited to the current query. Hierarchical
GraphRAG may retrieve entities, relations, source
passages, communities, and summaries, yet these
heterogeneous representations must still be trans-
formed into a single context for generation. Dif-
ferent queries impose different evidence require-
ments: a localized entity question may need only
a few precise facts, a relational or multi-hop ques-
tion must preserve intermediate entities and links,
and query-focused summarization benefits from
broader community- and summary-level evidence.
A fixed context construction strategy may omit evi-
dence required by complex queries or introduce un-
necessary evidence for simple ones. Effective con-
text construction must therefore determine how the
initial context should be supplemented and adapted
to the query and downstream task, following the
broader view that context can be actively con-
structed and refined (Zhang et al., 2025). We term
this mismatch the representation—inference gap in
hierarchical GraphRAG: the multi-resolution repre-
sentations built during indexing are not fully trans-


https://arxiv.org/abs/2608.01269v1

lated into a context suited to the evidence require-
ments of the current query.

Prior work has addressed query-dependent evi-
dence requirements primarily through adaptive re-
trieval. Existing adaptive RAG systems choose
among no retrieval, single-step retrieval, and itera-
tive retrieval according to query complexity (Jeong
et al., 2024), while recent GraphRAG systems se-
lect between local and global retrieval or route
between dense and graph retrieval (Zhao et al.,
2025; Dong et al., 2026). These methods improve
when and where evidence is retrieved, but they do
not fully control how the initial context is supple-
mented and adapted for generation. As a result, the
context may still miss an intermediate relation, in-
clude evidence at an unsuitable level of abstraction,
or retain irrelevant information. Addressing these
limitations requires a context policy that jointly
controls gap-aware refinement, retrieval branches,
and task-conditioned adaptation. Yet such a con-
text policy for an existing hierarchical backbone
remains underexplored.

To address this problem, we propose Agentic
Context Engineering for Hierarchical GraphRAG
(ACE-GraphRAG), an inference-time context
policy layer that governs how the initial con-
text is supplemented and adapted for genera-
tion. ACE-GraphRAG formulates context con-
struction as a policy over gap-aware refinement,
retrieval branches, and task-conditioned adaptation.
Guided by the selected policy, Parallel Differential
Retrieval (PDR) acquires complementary depth-
oriented factual evidence and breadth-oriented se-
mantic evidence. The resulting evidence incre-
ments are consolidated with the initial context
while preserving provenance and abstraction lev-
els, after which task-conditioned adaptation pro-
duces a generation-ready context. We instantiate
the context policy in two settings: FULL-ACE ap-
plies the full policy uniformly within each task
family, whereas ADAPTIVE-ACE selects task- and
topology-specific policies for individual queries.

We evaluate ACE-GraphRAG on multi-hop ques-
tion answering using HotpotQA and 2WikiMulti-
HopQA, and on query-focused summarization us-
ing four UltraDomain subsets. Under a unified
experimental setup, FULL-ACE outperforms the
evaluated RAG and GraphRAG baselines across
both task families, while ADAPTIVE-ACE further
improves multi-hop QA by 4.00 EM points on
both datasets and by 3.77/4.42 F1 points on Hot-
potQA/2WikiMultiHopQA, respectively, and is pre-

ferred over FULL-ACE on all four UltraDomain

subsets. Ablation and topology analyses further

support topology-conditioned policy selection.
Our contributions are threefold:

* We identify the representation—inference gap
in hierarchical GraphRAG and formulate
inference-time context construction as a
query- and task-dependent context policy over
gap-aware refinement, retrieval branches, and
task-conditioned adaptation.

* We propose ACE-GraphRAG, an inference-
time context policy layer that realizes this
formulation through Parallel Differential Re-
trieval, context consolidation that preserves
provenance and abstraction levels, and two
context policy settings: FULL-ACE and
ADAPTIVE-ACE.

* We evaluate ACE-GraphRAG on multi-hop
question answering and query-focused sum-
marization, showing that FULL-ACE outper-
forms the evaluated baselines, ADAPTIVE-
ACE yields further gains, and ablation
and topology analyses support topology-
conditioned policy selection.

2 Related Work

2.1 Graph-Based and Hierarchical RAG

Graph-based and hierarchical RAG methods or-
ganize external knowledge into graph or multi-
resolution structures to support relational and multi-
granular retrieval. One line of work focuses
on constructing such representations: Microsoft
GraphRAG builds entity graphs and hierarchical
community reports for query-focused summariza-
tion (Edge et al., 2024), RAPTOR recursively orga-
nizes clustered passages and abstractive summaries
across abstraction levels (Sarthi et al., 2024), and
HiRAG explicitly integrates hierarchical knowl-
edge into indexing and retrieval (Huang et al.,
2025). Another line improves retrieval over these
structures: HippoRAG applies Personalized PageR-
ank over a knowledge graph for multi-hop integra-
tion (Gutiérrez et al., 2024), while TagRAG uses
hierarchical tag chains (Tao et al., 2026), TopoRAG
introduces topology-aware search constraints (Wu
and Luo, 2026), and CatRAG adapts graph traversal
according to query-dependent edge relevance (Lau
et al., 2026). ACE-GraphRAG instead focuses
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Figure 1: Overview of ACE-GraphRAG. Given a query ¢ and task family y, the hierarchical GraphRAG backbone
first retrieves an initial multi-resolution context Chage. ACE-GraphRAG then selects a context policy, acquires
supplementary evidence from one or both policy-selected retrieval branches through Parallel Differential Retrieval,
and consolidates the resulting evidence increments with the initial context while preserving provenance and
abstraction levels. Task-conditioned adaptation subsequently produces the generation-ready context C.

on inference-time context construction over an ex-
isting hierarchical backbone, controlling how the
initial context is supplemented, consolidated, and
adapted for the current query and task.

2.2 Adaptive and Iterative Retrieval

Adaptive RAG adjusts retrieval behavior to query-
specific needs. Adaptive-RAG selects among no
retrieval, single-step retrieval, and iterative retrieval
based on question complexity (Jeong et al., 2024).
KiRAG identifies and retrieves missing knowledge
during multi-hop reasoning (Fang et al., 2025),
while E2GraphRAG switches between local and
global graph retrieval (Zhao et al., 2025). EA-
GraphRAG routes queries between dense RAG
and GraphRAG according to structural complex-
ity (Dong et al., 2026), and HiGraAgent coor-
dinates graph retrieval and reasoning through a
dual-agent framework (Luu et al., 2026). ACE-
GraphRAG extends this adaptive view beyond re-
trieval selection to inference-time context construc-
tion, jointly controlling gap-aware refinement, re-
trieval branches, and task-conditioned adaptation.

3 Preliminaries

3.1 Hierarchical GraphRAG Backbone

Given a corpus D, a hierarchical GraphRAG back-
bone organizes corpus knowledge into a multi-

resolution structure
G=V,¢&L), (1)

where V and £ denote the graph nodes and edges,
respectively, and £L = {Lo,...,Lk} denotes
the abstraction levels. Lower levels contain fine-
grained evidence such as entities, relations, and
source passages, whereas higher levels contain
more abstract semantic evidence such as communi-
ties, summaries, or reports.

Given a query ¢, let Ryp.se denote the initial
retrieval operator of the hierarchical GraphRAG
backbone. It retrieves evidence from G to form the
initial context

Cbase = Rbase(q; g)7 (2)

where Clase consists of heterogeneous evidence
items associated with their provenance, evidence
type, and abstraction level. Although C}.s. makes
multi-resolution evidence available, it may not yet
match the evidence requirements of the current
query and is therefore treated as the starting point
for inference-time context construction.

3.2 Task Formulation

Let ) denote the set of downstream task families,
and let y € ) denote a downstream task family.
Given ¢ and the initial context Clase, With access



to the hierarchical knowledge structure G for sup-
plementary retrieval, ACE-GraphRAG aims to con-
struct a generation-ready context C by supplement-
ing and adapting Cl,,se according to the query and
downstream task. This context construction is per-
formed at inference time without modifying the
backbone index or its initial retrieval procedure.
The final output is generated as

a = LLM (Py(q, é)) , 3)

where P, denotes the task-specific generation
prompt for task family y, LLM denotes the lan-
guage model used for generation, and a denotes
the resulting answer or summary.

4 Methodology

4.1 Overview

ACE-GraphRAG introduces an inference-time con-
text policy layer between the initial retrieval of a
hierarchical GraphRAG backbone and final gener-
ation. Given a query ¢, task family y, and initial
context Chase, the overall pipeline consists of three
stages:

1. Context policy selection. ACE-GraphRAG
selects a context policy that controls gap-
aware refinement, retrieval branches, and task-
conditioned adaptation for the current query
and task.

2. Parallel Differential Retrieval. Guided by
the selected policy, ACE-GraphRAG con-
structs branch-specific supplementary queries
and retrieves supplementary evidence from
one or both policy-selected retrieval branches.
When enabled, gap diagnosis explicitly tar-
gets evidence requirements unresolved by the
initial context.

3. Context consolidation and task-conditioned
adaptation. The supplementary evidence
is consolidated with Cy,5. While preserving
provenance and abstraction levels, and is then
adapted into a generation-ready context C.

FULL-ACE applies the full context policy
uniformly within each task family, whereas
ADAPTIVE-ACE selects a task- and topology-
specific policy for each query. Figure 1 illustrates
the overall inference pipeline.

4.2 Context Policy Selection

ACE-GraphRAG uses a context policy p to govern
how the initial context is supplemented and adapted
during inference:

p=(g9,B,m), “4)

where g € {0, 1} indicates whether gap-aware
refinement through evidence gap diagnosis is en-
abled, and @ # B C {DEPTH, BREADTH} speci-
fies the retrieval branches to execute. The DEPTH
branch targets localized, source-grounded factual
evidence, including entities, specific relations, and
source passages. The BREADTH branch targets
broader cross-entity and higher-level semantic ev-
idence, including comparative relations, commu-
nities, summaries, reports, and semantic dimen-
sions not sufficiently covered by the initial context.
Finally, m denotes the adaptation profile govern-
ing which evidence categories are retained or sup-
pressed and how the retained evidence is ordered
and linearized before generation.

FULL-ACE applies the same full context policy
to all queries within a task family. It enables gap-
aware refinement, executes both the DEPTH and
BREADTH branches, and applies the corresponding
task-conditioned adaptation profile.

A fixed context policy may not be equally suit-
able for queries with different structural evidence
requirements. ADAPTIVE-ACE therefore uses a
lightweight LLM-based classifier 1" that predicts
the topology of the original query:

7(q) =T(q),
7(q) € {NODE, EDGE, 5)
CHAIN, SUBGRAPH}.

NODE queries primarily require localized evi-
dence about a single entity. EDGE queries re-
quire broader cross-entity or comparative evidence.
CHAIN queries require intermediate evidence that
preserves multi-step dependencies. SUBGRAPH
queries require broader evidence covering multiple
related entities, communities, or semantic regions.

Table 1 summarizes the concrete policy con-
figurations used by the two inference modes.
For ADAPTIVE-ACE, each predicted topology is
mapped to a predefined configuration of evidence
gap diagnosis, retrieval branches, and semantic
pruning, fixed before test-set evaluation.

Under the two inference modes, the context pol-



Policy Gap Diagn. Branches Sem. Pruning
FULL-ACE On Both On
NODE On DEPTH On
EDGE On BREADTH On
CHAIN On Both Off
SUBGRAPH Off Both On

Table 1: Context-policy configurations. “Gap Diagn.”
and “Sem. Pruning” denote gap diagnosis and semantic
pruning, respectively. The rows below the divider are
the topology-conditioned policies used by ADAPTIVE-
ACE.

icy for query q is selected as

full " FuLL-ACE,

Py
Y) = 6
play) {pyﬁ(q), ADAPTIVE-ACE ©

where p?fJ“H denotes the full policy for task family y,
and p, 7(4) denotes the task- and topology-specific
policy assigned to the predicted topology.

The policy assignments reflect different evi-
dence requirements. NODE queries use the DEPTH
branch to acquire localized factual evidence. EDGE
queries use the BREADTH branch to obtain broader
cross-entity and comparative coverage. CHAIN
queries retain evidence from both branches and dis-
able semantic pruning to preserve intermediate de-
pendencies. SUBGRAPH queries use both branches
and skip evidence gap diagnosis to support broad
multi-resolution coverage.

4.3 Parallel Differential Retrieval

Given the selected policy p = (g, B, ), Parallel
Differential Retrieval acquires supplementary ev-
idence for the evidence requirements of ¢ that re-
main unresolved by Ch .

When gap-aware refinement is enabled, ACE-
GraphRAG produces an evidence gap description:

N = {Gap(Q7 Cbase)7 g = 17

7
g, 9:07 ()

where Gap denotes an LLM-based evidence gap di-
agnosis operator that jointly examines ¢ and Ch,se
to identify factual details, entity relations, or se-
mantic dimensions that are absent or insufficiently
supported, together with the entities or relations
that should guide supplementary retrieval. When
g = 0, branch-specific query rewriting directly
uses ¢ and Chage.

For each selected branch b € B, PDR constructs
a branch-specific follow-up query and retrieves the

corresponding evidence increment:

q = Rewritey(q, Chase, 7), ACy, = Ry(qp; G),
®)
where Rewrite;, denotes an LLM-based branch-
specific query rewriting operator, R denotes the
corresponding retrieval operator, and AC} denotes
the retrieved evidence increment.

The DEPTH query targets missing localized facts
and specific relations, while the BREADTH query
targets broader cross-entity comparisons, semantic
dimensions, and perspectives not sufficiently cov-
ered by the initial context. When both branches are
selected, their follow-up queries are generated in
the same planning step, and the corresponding re-
trieval operators are executed in parallel to produce
complementary evidence increments.

The resulting evidence increments are collected
as

AC ={ACy | be B}. ©)

These increments supplement Ch,5. and are passed
to the context consolidation and task-conditioned
adaptation stage.

4.4 Context Consolidation and
Task-Conditioned Adaptation

ACE-GraphRAG consolidates the supplementary
evidence with the initial context:

C* = Merge (Chase, AC) . (10)

Here, Merge organizes the initial and supplemen-
tary evidence into structured blocks while preserv-
ing provenance, evidence type, abstraction level,
and retrieval branch. The resulting C* forms a con-
solidated multi-resolution context for subsequent
adaptation.

ACE-GraphRAG then applies task-conditioned
adaptation according to task family y and adapta-
tion profile 7:

C = Adapt, (C*; ). (11)

Here, Adapt, denotes task-conditioned context
adaptation governed by the adaptation profile 7. It
determines which evidence categories are retained
or suppressed and how the retained evidence is
ordered and linearized into the generation-ready
context C.

For multi-hop question answering, task-
conditioned adaptation prioritizes entity-level
facts, relational evidence, and source passages.
It preserves bridge entities and intermediate



Multi-Hop QA

UltraDomain Pairwise Preference (%)

Method

HotpotQA Mix cs Legal Agr.

EM F1 EM F1

NaiveRAG 23.00 38.47 24.00 42.04 89.2 76.4 62.3 81.5
GraphRAG 14.00 25.06 28.00 40.15 93.1 81.0 77.0 84.5
LightRAG 25.00 38.42 28.00 46.08 88.8 79.0 85.0 83.0
FastGraphRAG 27.00 43.22 12.00 12.38 98.5 85.0 81.0 84.0
HippoRAG 26.00 39.60 28.00 44.27 - - - -
KAG - - - - 96.5 85.0 78.5 84.5
HiRAG 24.00 40.02 24.00 40.47 86.2 81.9 84.4 80.5
FULL-ACE 32.00 44.78 52.00 59.85 50.0 50.0 50.0 50.0
ADAPTIVE-ACET  36.00 48.55 56.00 64.27 519 61.5 64.0 64.0

Table 2: Main results on multi-hop QA and UltraDomain. For each baseline row, the UltraDomain columns
report the pairwise preference rate of FULL-ACE over the listed method. The T row reports the preference rate
of ADAPTIVE-ACE over FULL-ACE. Values above 50 favor the method named first in each comparison, and —

denotes unavailable comparisons.

relations required for multi-step reasoning, while
suppressing broad report-level evidence when
specified by 7. For query-focused summarization,
the adaptation retains broader multi-resolution
evidence, including source passages, community-
level summaries, and report-level information,
and organizes it to support comprehensive and
coherent synthesis.

The rewritten branch queries are used only for
supplementary retrieval. Final generation condi-
tions on the original query ¢ and the generation-
ready context C through the task-specific genera-

tion prompt P, (g, C).

5 Experiments

5.1 Experimental Setup

5.1.1 Datasets and Evaluation

We evaluate ACE-GraphRAG on two task fami-
lies. For multi-hop QA, we sample 100 queries
from each of HotpotQA (Yang et al., 2018) and
2WikiMultiHopQA (Ho et al., 2020). HotpotQA
requires reasoning over evidence distributed across
multiple supporting passages, while 2WikiMulti-
HopQA emphasizes multi-step relational reasoning
across linked entities. For query-focused summa-
rization, we use four subsets of the UltraDomain
benchmark (Qian et al., 2025): Mix, CS, Legal,
and Agriculture. These subsets cover both cross-
domain and domain-specific corpora and require
systems to synthesize retrieved evidence into fo-
cused summaries.

For multi-hop QA, we report Exact Match (EM)
and token-level F1 using a shared answer extrac-
tion and normalization pipeline. For UltraDomain,

following prior long-context RAG studies (Guo
et al., 2025), we use an LLM-based pairwise judge
to evaluate Comprehensiveness, Empowerment, Di-
versity, and pairwise preference on the Overall cri-
terion. All methods use the same judge, scoring
prompt, and pairwise comparison protocol.

5.1.2 Baselines

We compare ACE-GraphRAG with representa-
tive conventional, graph-enhanced, and hierar-
chical RAG methods. NaiveRAG (Gao et al.,
2023) serves as a standard passage-retrieval base-
line, while LightRAG (Guo et al., 2025) and
FastGraphRAG (CircleMind Al, 2024) provide
lightweight graph-enhanced alternatives. We fur-
ther include Microsoft GraphRAG (Edge et al.,
2024), KAG (Liang et al., 2024), and Hi-
RAG (Huang et al., 2025) as graph-structured
and hierarchical baselines, with HIRAG serving
as the primary hierarchical backbone baseline.
For multi-hop QA, we additionally evaluate Hip-
poRAG (Gutiérrez et al., 2024), which is designed
for graph-based multi-hop evidence integration.

5.1.3 Implementation Details

For  UltraDomain, we use DeepSeek-
V3 (DeepSeek-Al et al.,, 2024) for planning
and generation, GLM-4-Plus embeddings (Team
GLM et al., 2024), and gpt-5.4-nano (OpenAl,
2026) as the evaluation judge. For multi-hop
QA, we use GPT-40-mini (OpenAl, 2024) and
nvidia/NV-Embed-v2 (Lee et al., 2024) under
HippoRAG-style settings (Gutiérrez et al., 2024).
Methods within each task family otherwise share
the same generation, decoding, and evaluation



settings.

5.2 Main Results

Table 2 summarizes the overall results on multi-
hop QA and query-focused summarization. FULL-
ACE achieves 32.00 EM and 44.78 F1 on Hot-
potQA and 52.00 EM and 59.85 F1 on 2WikiMul-
tiHopQA, outperforming all evaluated baselines
on both datasets. It is also preferred over every
available baseline across all four UltraDomain sub-
sets. These results show that supplementing and
adapting the initial context after backbone retrieval
can better translate hierarchical representations into
generation-ready contexts across both task families.

ADAPTIVE-ACE further improves performance
to 36.00 EM and 48.55 F1 on HotpotQA and
56.00 EM and 64.27 F1 on 2WikiMultiHopQA.
Compared with FULL-ACE, it gains 4.00 EM
points on both datasets and 3.77/4.42 F1 points on
HotpotQA/2WikiMultiHopQA, respectively. The
pairwise judge also prefers ADAPTIVE-ACE over
FULL-ACE on all four UltraDomain subsets, with
larger margins on CS, Agriculture, and Legal. Over-
all, topology-conditioned policy selection better
matches context construction to query-specific ev-
idence requirements than applying the same full
policy uniformly to every query.

5.3 Policy and Topology Analysis
5.3.1 Component and Policy Analysis

We examine whether the gains of ACE-GraphRAG
arise from individual context-policy operations and
whether a single fixed policy is sufficient for all
queries. Table 3 reports component ablations in
the upper block and policy-selection controls in the
lower block. The ablations remove the BREADTH
branch, the DEPTH branch, gap diagnosis (w/o
Gap Diagnosis), or semantic pruning (w/o Seman-
tic Pruning) from FULL-ACE. Oracle Best Fixed
reports the fixed configuration with the highest test-
set F1 on each dataset. Shuffled Router randomly
permutes the query-to-policy assignments 1,000
times while preserving the number of queries as-
signed to each policy, and reports the mean and
standard deviation. ADAPTIVE-ACE instead ap-
plies the topology-conditioned policy selected for
each query.

The component ablations reveal clear cross-
dataset trade-offs. Removing the BREADTH branch
improves 2WikiMultiHopQA but degrades Hot-
potQA, whereas removing the DEPTH branch pro-
duces the opposite pattern. Gap-aware refinement

HotpotQA 2Wiki

Configuration EM F1 EM F1
FuLL-ACE 32.00 44.78 52.00 59.85
w/o Breadth 29.00 43.39 53.00 62.55
w/o Depth 34.00 46.96 47.00 53.57
w/o Gap Diagnosis 32.00 47.19 46.00 53.30
w/o Semantic Pruning 28.00 42.48 54.00 61.48
Oracle Best Fixed 32.00 47.19 53.00 62.55
Shuffled Router 29.75+£2.07 43.90£1.87 50.13+2.02 57.87+1.95
ADAPTIVE-ACE 36.00 48.55 56.00 64.27

Table 3: Multi-hop QA component ablations and policy-
selection controls. The upper block removes individual
operations from FULL-ACE, while the lower block com-
pares oracle-fixed, shuffled, and topology-conditioned
policy selection.

and semantic pruning also have dataset-dependent
effects. These results indicate that no fixed context-
policy configuration is uniformly optimal across
datasets. ADAPTIVE-ACE nevertheless outper-
forms both Oracle Best Fixed and Shuffled Router
on both datasets, suggesting that its gains come
from matching context policies to query topology
rather than merely varying policies across queries.

Table 4 evaluates the corresponding compo-
nent ablations on query-focused summarization.
Each entry reports the pairwise preference rate of
FULL-ACE over the corresponding variant on the
Overall criterion, with values above 50 favoring
FULL-ACE. The variants remove the BREADTH
branch, the DEPTH branch, gap diagnosis (w/o
Gap Diagnosis), or replace the task-specific gener-
ation prompt I, with a generic prompt (w/o Task-
Specific Prompt), respectively.

The three retrieval-related ablations show that
the contribution of each operation varies across
domains, while FULL-ACE remains preferred on
average over all three variants. Replacing the task-
specific prompt with a generic prompt causes a
substantially larger and more consistent degrada-
tion: FULL-ACE is preferred by 76.5%—-85.0%
across the four domains, with an average prefer-
ence rate of 80.0%. These results suggest that
retrieval-side operations provide complementary,
domain-dependent benefits, whereas task-specific
prompting consistently helps the generator use
multi-resolution evidence to produce focused and
coherent summaries.

5.3.2 Query Topology and Policy Performance

Figure 2(a) shows that query topology distributions
differ substantially across datasets. HotpotQA and
Legal are dominated by NODE queries, whereas
2WikiMultiHopQA contains a larger proportion
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Figure 2: Query topology distributions and topology-conditioned performance. (a) Distributions of predicted query
topologies across the multi-hop QA and UltraDomain datasets. (b) F1 changes of ADAPTIVE-ACE relative to
FULL-ACE for different query topologies on multi-hop QA.

Variant Mix CS Legal Agr. Avg.
w/o Breadth 50.8 54.0 545 610 55.1
w/o Depth 542 60.5 56.5 595 577
w/o Gap Diagnosis 465 60.5 53.8 58.0 54.7
w/o Task-Specific Prompt 85.0 82.0 76.5 76.5 80.0

Table 4: UltraDomain component ablations. Entries are
pairwise preference rates (%) of FULL-ACE over each
variant on the Overall criterion.

of EDGE queries. Mix and Agriculture, by con-
trast, contain substantial proportions of SUBGRAPH
queries. This variation supports selecting context
policies at the query level rather than applying a
single fixed policy to an entire dataset.

Figure 2(b) reports the F1 change of ADAPTIVE-
ACE relative to FULL-ACE within each QA topol-
ogy. The largest gains occur on HotpotQA EDGE
queries and 2WikiMultiHopQA NODE and CHAIN
queries. Overall, the topology-dependent perfor-
mance differences indicate that query topology pro-
vides a useful signal for policy selection, while
leaving room for further calibration of the topology-
to-policy mapping.

5.4 Effectiveness of Context Construction

To verify whether ACE-GraphRAG constructs a
generation-ready context that better satisfies query-
specific evidence requirements, we replay the same
100 queries per benchmark across the initial, FULL-
ACE, and ADAPTIVE-ACE settings. We measure
coverage as the proportion of non-yes/no queries
whose normalized gold answer appears in the con-
text, and recovery as the proportion of initially
uncovered queries for which the constructed con-
text successfully recovers the answer. As shown in
Table 5, both FULL-ACE and ADAPTIVE-ACE im-

HotpotQA (%) 2Wiki (%)

Context

Cov. Rec. Cov. Rec.
Initial 32.3 - 67.4 -
FULL-ACE 36.5 6.2 92.1 759
ADAPTIVE-ACE 354 4.6 88.8 65.5

Table 5: Gold-answer coverage and recovery on 100
matched queries per benchmark.

prove answer coverage and recover missing answer-
bearing evidence on both benchmarks, with partic-
ularly strong gains on 2WikiMultiHopQA. These
results validate that policy-guided supplementary
retrieval and subsequent context adaptation effec-
tively transform hierarchical representations into
contexts better suited to the current query.

5.5 Transferability and Efficiency

Table 6 evaluates backbone transfer and inference
efficiency under matched settings. Panel (a) iso-
lates the effect of adding FULL-ACE to the same
GraphRAG Local+Global context, while Panel (b)
reports per-query costs on HiRAG.

FULL-ACE transfers effectively to GraphRAG,
improving average EM and F1 by 14.50 and 12.69
points, with particularly large gains on 2WikiMul-
tiHopQA and an F1 improvement on HotpotQA.
This indicates that the context policy layer is not
tied to HIRAG.

Compared with FULL-ACE, ADAPTIVE-ACE
reduces context-retrieval calls from 3.00 to 2.19
and the input-token ratio from 2.68x to 2.42x,
with similar latency because of the additional rout-
ing call. Fixed Multi-Resolution provides a lower-
cost reference without gap-aware refinement. Over-
all, topology-conditioned policy selection reduces
token overhead while maintaining comparable in-



(a) Backbone Transfer

HotpotQA 2Wiki Average

Method EM F1 EM F1 EM F1
GraphRAG (Local+Global) 26.00 38.02 27.00 42.99 26.50 40.51

+ FULL-ACE 25.00 41.09 57.00 65.29 41.00 53.19

A —1.00 +3.07 +30.00 +22.30 +14.50 +12.69
(b) Inference Efficiency on HIRAG

Calls Inference Cost

Method Ctx. LLM Input Tok. Output Tok. Time Input Ratio
HiRAG 1.00 1.00 23,081 202 1.37 1.00x
Fixed Multi-Resolution 3.00 1.00 39,170 94 1.86 1.69x
FuLL-ACE 3.00 2.00 62,156 271 2.48 2.68 x
ADAPTIVE-ACE 2.19 3.00 56,052 285 2.49 2.42 %

Table 6: Backbone transfer and inference efficiency on multi-hop QA. Panel (a) reports the transfer of FULL-ACE
to GraphRAG. Panel (b) reports per-query costs on HiRAG, averaged across HotpotQA and 2WikiMultiHopQA.
Ctx. and LLM denote context-retrieval and LLM calls, respectively; time is measured in seconds, and input-token

ratios are normalized to HIRAG.

ference time.

6 Conclusion

We introduced ACE-GraphRAG, an inference-
time context policy layer that refines hierarchi-
cal GraphRAG contexts through gap-aware re-
finement, Parallel Differential Retrieval, and task-
conditioned adaptation. FULL-ACE applies a uni-
form policy, whereas ADAPTIVE-ACE selects task-
and topology-specific policies. Results on multi-
hop QA and query-focused summarization, sup-
ported by ablation, topology, coverage, transfer,
and efficiency analyses, show that ACE-GraphRAG
better matches hierarchical evidence to each query
and task, thereby narrowing the representation—
inference gap.
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A Additional Experimental Results

A.1 Retrieved-Context Evidence Quality
Protocol

We evaluate the Initial Context, the evolved context
produced by FULL-ACE, and the evolved context
produced by ADAPTIVE-ACE using matched re-
plays of the same 100 queries from each bench-
mark. Answer coverage is defined as the propor-
tion of non-yes/no questions for which the normal-
ized gold answer appears in the retained context;
four yes/no questions from HotpotQA and eleven
from 2WikiMultiHopQA are therefore excluded.
Missing-answer recovery is evaluated only on ques-
tions whose gold answer is absent from the Initial
Context, and measures the proportion for which
the evolved context subsequently recovers the gold
answer. Because the replay records do not con-
tain supporting-fact annotations, we do not report
supporting-fact recall. The resulting coverage and
recovery scores are reported in the main paper.

A.2 UltraDomain Evaluation Dimensions

Table 7 reports the pairwise preference rates of
ADAPTIVE-ACE over FULL-ACE across the three
UltraDomain evaluation dimensions and the Over-
all criterion. Values above 50% favor ADAPTIVE-
ACE, whereas values below 50% favor FULL-
ACE. Overall represents the judge’s direct over-
all preference and is not the arithmetic mean of
Comprehensiveness, Empowerment, and Diversity.

Dataset Comp. Emp. Div. Overall
Mix 49.6 58.1 51.9 51.9
CS 62.0 59.0 53.0 61.5
Legal 65.5 62.5 46.0 64.0
Agriculture 65.5 54.0 53.5 64.0

Table 7: UltraDomain pairwise preference rates (%)
of ADAPTIVE-ACE over FULL-ACE across the three
evaluation dimensions and the Overall criterion.

B Extended Qualitative Analysis
B.1 Open-Ended Domain Synthesis

We examine the UltraDomain-Mix query How does
the adsorption site affect the state of indenol1,2-
alfluorene (5)? The retrieved context contains sev-
eral potentially relevant factors, including the sub-
strate, charge state, surface defects, and adsorption
geometry. To illustrate the role of task-conditioned
synthesis, Table 8 presents verbatim response ex-
cerpts from FULL-ACE and its variant without the
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task-specific prompt. The comparison shows how
the two responses organize and relate the available
factors when explaining the state transition.

The response generated without the task-specific
prompt mentions several relevant factors, but their
respective roles in the state transition remain only
loosely connected. In contrast, the FULL-ACE re-
sponse more explicitly distinguishes charge-state
cycling from the site-dependent mechanism: it
states that charge cycling alone is insufficient and
relates the transition to adsorption-site geometry
and local electrostatic interactions. This example
illustrates how task-conditioned synthesis can orga-
nize heterogeneous retrieved evidence into a more
explicit mechanistic account.

B.2 Recovering Missing Second-Hop
Evidence

We examine the 2WikiMultiHopQA query Who
is the spouse of the director of the film My Three
Merry Widows? The initial retrieval identifies Fer-
nando Cortés as the director but does not resolve
the spouse relation required by the second hop.
Table 9 contrasts the resulting evidence trajecto-
ries of the configuration without gap diagnosis and
ADAPTIVE-ACE, while Table 10 provides their
complete model outputs.

The initial retrieval resolves the first hop by iden-
tifying Fernando Cortés as the director, but leaves
the spouse relation unsupported. In the configu-
ration without gap diagnosis, no focused retrieval
target is formed and the final output remains Un-
known. In contrast, ADAPTIVE-ACE explicitly
represents the unresolved spouse relation, retrieves
evidence identifying Marfa del Pilar Cordero as
Mapy Cortés, and produces the correct answer. In
this example, explicitly representing the unresolved
relation guides supplementary retrieval toward the
missing second-hop evidence.

C Repeated-Run Robustness

To complement the 100-query evaluation reported
in the main paper, we conduct three independent
evaluation runs on HotpotQA and 2WikiMulti-
HopQA, with each run covering 300 questions from
each benchmark. Within each run, all methods are
evaluated on the same set of questions. Table 11
reports the results of the uniform FULL-ACE con-
figuration and the compared methods. Each run
entry gives EM/F1, and the final two columns re-
port the mean and sample standard deviation across



Aspect

w/o Task-Specific Prompt

FuLL-ACE

Surface and charge
framing

The underlying metal surface also affects the be-
havior of molecule 5 through its work function;
molecule 5 exhibits charge bistability between neu-
tral and anionic states.

However, this charge-state cycling alone does not
induce the open/closed-shell switch; it only occurs
if the molecule also changes its adsorption site.

Site-specific  mecha-

nism

Rather, a change in adsorption site induces suffi-
cient geometric modification of the molecule to
cause a corresponding change in its ground-state

The local electrostatic environment and potential
defects at the adsorption site induce sufficient ge-
ometric distortion in the physisorbed molecule to

electronic configuration.

alter its fundamental electronic ground state.

Table 8: UltraDomain-Mix synthesis case comparing FULL-ACE with its variant without the task-specific prompt.
Entries are verbatim excerpts from the generated responses, with surrounding text omitted.

Stage w/o Gap Diagnosis

ADAPTIVE-ACE

Initial retrieval
Fernando Cortés.

Retrieval target
spouse relation.

Supplementary evi-

dence

Final answer

ered.
Unknown (EM/F1 = 0/0).

Identifies My Three Merry Widows — director —
No focused target is formed for the unresolved

No evidence resolving the spouse relation is recov-

Identifies the same bridge entity, Fernando Cortés.

Makes the missing relation explicit as Fernando
Cortés — spouse — 7.

Retrieves evidence identifying Maria del Pilar
Cordero, whose stage name is Mapy Cortés.

Mapy Cortés (EM/F1 = 1/1).

Table 9: Evidence trajectories for a missing-second-hop case. The configuration without gap diagnosis does not
form a focused retrieval target for the unresolved spouse relation, whereas ADAPTIVE-ACE retrieves evidence that

resolves it.

the three runs. Because these runs use 300-question
evaluation sets rather than the 100-query sample
reported in the main paper, their absolute scores
should be interpreted within the repeated-run set-
ting and are not directly comparable across the two
sample sizes.

Across the three runs, FULL-ACE achieves the
highest mean EM and F1 among the evaluated
methods on both benchmarks. Its results are also
consistent across runs, with standard deviations
of 2.01 EM and 1.13 F1 on HotpotQA and 0.51
EM and 0.42 F1 on 2WikiMultiHopQA. These
repeated-run results indicate that the improvements
of FULL-ACE are not confined to a single evalua-
tion run.

D Overall Inference Procedure

Algorithm 1 summarizes the end-to-end inference
procedure of ACE-GraphRAG and instantiates the
context-policy formulation introduced in the main
paper. Given the initial context retrieved by a hi-
erarchical GraphRAG backbone, ACE-GraphRAG
selects either a task-level full policy or a task- and
topology-conditioned policy, performs Parallel Dif-
ferential Retrieval through the enabled branches,
consolidates the resulting evidence increments with
the initial context, and applies task-conditioned
adaptation before final generation.

13

Algorithm 1 Overall ACE-GraphRAG Inference

Require: Query ¢, task family y, hierarchical
knowledge structure G, inference mode m €
{FULL-ACE, ADAPTIVE-ACE}

Ensure: Final output a

I: Chase ¢ Rbpase($;G)

2: if m = FULL-ACE then
3: p pl;ull

4: else

50 7(q) < T(q)

61 P Pyi(g)

7. end if

8: (g,B,m)« p

9: if g = 1 then

10: Y Gap(Qv C’base)

11: else

122 v« I

13: end if

14: for all b € B in parallel do
15: @ + Rewritey(q, Chase, )
16: ACy + Rb(qb; Q)

17: end for

18: AC «+ {AC}, ‘ be B}
19: C* + Merge(Chase, AC)
20: C' Adapt, (C*; )
21: a + LLM(P,(q, C))
22: return a




Variant

Complete Model Output

w/o Gap Diagnosis

Reasoning: The director of My Three Merry Widows is Fernando Cortés. The data mentions that
Edwin L. Marin was married to actress Ann Morriss. While this relationship does not directly relate
to Cortés, there are no specific spousal details stated for him in the provided data. Therefore, the
answer regarding the spouse of Fernando Cortés is not explicitly stated. Result: [FINAL_ANSWER]

Unknown [/FINAL_ANSWER]

ADAPTIVE-ACE

Reasoning: My Three Merry Widows was directed by Fernando Cortés. The sources indicate that he
was married to Maria del Pilar Cordero, who adopted the stage name Mapy Cortés. Therefore, she is
the spouse of the director. Result: [FINAL_ANSWER] Mapy Cortés [/FINAL_ANSWER]

Table 10: Verbatim model outputs for the 2WikiMultiHopQA missing-second-hop case.

Dataset Method Run 1 Run 2 Run 3 Mean EM Mean F1
FuLL-ACE 27.67/39.27 29.33/40.19 25.33/37.94 27.44 £+ 2.01 39.13 £1.13
HiRAG 21.33/36.35 20.33/36.15 20.67/35.14 20.78 £ 0.51 35.88 £ 0.65
GraphRAG 17.67/28.42 19.67/31.05 18.00/30.24 18.45 + 1.07 29.90 £+ 1.35

HotpotQA HippoRAG 20.33/34.47 21.67/33.97 20.33/30.86 20.78 £0.77 33.10 £ 1.96
LightRAG 23.00/38.17 23.67/37.78 22.67/37.45 23.11 £ 0.51 37.80 £ 0.36
FastGraphRAG 23.33/37.89 23.33/37.63 22.67/37.35 23.11 £0.38 37.62 +0.27
NaiveRAG 19.67/33.41 21.00/34.14 20.67/30.83 20.45 £+ 0.69 3279 £ 1.74
FuLL-ACE 58.33/68.69 57.67/68.86 57.33/68.06 57.78 £ 0.51 68.54 + 0.42
HiRAG 24.33/48.96 25.00/48.45 31.33/51.88 26.89 £ 3.86 49.76 + 1.85
GraphRAG 32.33/49.96 31.33/48.91 30.33/50.36 31.33 £ 1.00 49.74 + 0.75

2WikiMultiHopQA HippoRAG 32.00/50.71 29.67/47.89 28.00/46.92 29.89 £ 2.01 48.51 £ 1.97
LightRAG 32.69/51.90 30.67/50.59 35.00/54.22 3279 £2.17 52.24 +1.84
FastGraphRAG 20.67/31.75 20.00/30.78 21.22/30.98 20.63 £ 0.61 31.17 £ 0.51
NaiveRAG 28.70/47.06 25.00/43.81 25.67/44.79 26.46 = 1.97 45.22 + 1.67

Table 11: Repeated-run results on HotpotQA and 2WikiMultiHopQA. Each run evaluates 300 questions per
benchmark, and each run entry reports EM/F1 (%). The final two columns report the mean and sample standard

deviation across three independent runs.

E Prompt Templates

This section reports the inference-time prompts
used by ACE-GraphRAG and complements the
context-policy formulation in Section 4 and the
overall inference pipeline in Figure 1. The tem-
plates are presented in execution order. Runtime
inputs are replaced with descriptive placeholders,
while the routing, retrieval-planning, synthesis, and
output-format constraints used during inference are
retained.

E.1 Topology Router

For ADAPTIVE-ACE, the topology router imple-
ments the query-level context-policy selection de-
scribed in Section 4. It predicts the logical structure
of the original query before supplementary retrieval.
The prediction is based on the query alone and is
mapped to one of the predefined context-policy
configurations summarized in Table 1. Table 12
further specifies the correspondence between the
implementation labels used by the router and the
topology labels used in the paper. FULL-ACE does
not invoke the router and instead applies the task-
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Code label Topology Context-policy configuration

POINT Node Gap diagnosis on; Depth branch only;
semantic pruning on.

CONTRAST  Edge Gap diagnosis on; Breadth branch
only; semantic pruning on.

CHAIN Chain Gap diagnosis on; Depth and Breadth
branches; semantic pruning off.

OVERVIEW Subgraph Gap diagnosis off; Depth and

Breadth branches; semantic pruning
on.

Table 12: Mapping from router implementation labels
to the topology labels and context-policy configurations
used in the paper.

level full policy directly. Router decoding uses
temperature zero and requires a valid JSON object.
If parsing fails, generation is retried up to three
times; if all attempts fail, OVERVIEW is used as the
fallback label.

E.2 Prompt Variables and Output Contracts

Table 13 defines the placeholders used throughout
the templates in this section. Together, these inter-
faces separate the router’s context-policy decision,



Placeholder
<QUERY>

Role in the prompt

Original user query retained for final
generation.

Initial context returned by the hier-
archical GraphRAG backbone and
provided to the retrieval planner.
Generation-ready context produced
after evidence consolidation and
task-conditioned adaptation.
Requested response style or level of
detail for open-ended synthesis.
Output slot for a concise bridge-
entity reasoning trace.

Output slot for the final entity or
short answer span.

<ROUNDT_CONTEXT>

<EVOLVED_CONTEXT>

<RESPONSE_TYPE>

<BRIEF_LOGIC_CHAIN>

<EXACT_ANSWER>

Table 13: Placeholders used in the ACE-GraphRAG
inference prompts.

the planner’s supplementary retrieval actions, and
the final generator’s use of the evolved context.

E.3 Gap-Aware Differential Retrieval Planner

After initial retrieval, the planner implements the
gap-aware refinement and Parallel Differential Re-
trieval stages described in Section 4. It jointly ex-
amines the original query and the initial context and
generates two complementary candidate queries:
a Depth query targeting unresolved localized evi-
dence and a Breadth query targeting broader per-
spectives or semantic dimensions not sufficiently
represented in the initial context. The selected con-
text policy determines which candidate queries are
submitted to their corresponding retrieval branches.
When both branches are enabled, their retrieval
operations are executed in parallel. The rewritten
queries are used only for supplementary retrieval,
while the original query is retained for final genera-
tion.

If the planner output cannot be parsed, the im-
plementation falls back to one local retrieval using
the original query. Under ADAPTIVE-ACE, only
the branches enabled by the selected context pol-
icy are executed; under FULL-ACE, both retrieval
branches are executed. The resulting evidence in-
crements are subsequently consolidated with the
initial context before task-conditioned adaptation.

E.4 Task-Conditioned Synthesis

The consolidated context preserves provenance
through explicit round, path, goal, and retrieval-
mode headers. ACE-GraphRAG then applies sepa-
rate synthesis instructions for fact-oriented multi-
hop question answering and open-ended domain
synthesis, corresponding to the task-conditioned
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adaptation stage in Section 4. In both task families,
the original user query is retained for final gener-
ation, whereas rewritten branch queries are used
only for supplementary retrieval.

E.4.1 Multi-Hop QA

The multi-hop QA prompt is used for HotpotQA
and 2WikiMultiHopQA (Yang et al., 2018; Ho
et al., 2020). It prioritizes entity-level facts, re-
lations, and source-level evidence. When general
reports conflict with more specific evidence, the
prompt instructs the generator to prioritize the lat-
ter. It also requires the bridge entity to be identified
before a concise final answer is produced.

E.4.2 Open-Ended Domain Synthesis

The open-ended synthesis prompt is used for the
UltraDomain subsets (Qian et al., 2025). It in-
tegrates overview summaries, localized evidence,
and alternative perspectives and asks the genera-
tor to organize these heterogeneous evidence types
into a coherent response. The requested dimen-
sions of comprehensiveness, diversity, and empow-
erment correspond to the evaluation dimensions
adopted in our experimental setup following prior
long-context RAG studies (Guo et al., 2025). The
prompt further instructs the generator to prioritize
more specific evidence when local and high-level
descriptions differ.



Topology-routing prompt used by Adaptive-ACE

You are the ACE Strategic Router. Analyze the query’s LOGICAL TOPOLOGY to dispatch the Context
Management Protocol.

### TOPOLOGY DEFINITIONS:
1. ’POINT’ (Fact Lookup): Seeks a specific attribute of 1 entity.
- Example: "When was Einstein born?”
2. "CONTRAST’ (Comparison): Compares attributes across 2+ entities.
- Example: "Who is older, A or B?" / "Do they share the same nationality?”
3. ’CHAIN’ (Sequential Dependency): Traces a relational chain (A -> B -> C).
- Example: "Who is the spouse of the father of X?"
4. "OVERVIEW’ (Thematic Synthesis): Seeks broad domain summaries or exploration.
- Example: "Summarize the history of AI" / "Overview of agriculture policy."”

Query: "<QUERY>"

Output ONLY a JSON object:
{"topology”: "POINT" | "CONTRAST" |
"CHAIN" | "OVERVIEW"}

Figure 3: Topology-routing prompt used by ADAPTIVE-ACE.

Gap-aware differential-retrieval planning prompt

—Role-
You are a Multi-Dimensional Retrieval Planner for a Hierarchical RAG system.

—Goal—

Analyze the Original Query and the Round 1 Context. Your task is to generate TWO distinct,
complementary search queries to maximize Diversity and Comprehensiveness while maintaining
Empowerment.

—Tasks for Queries—

1. [Empowerment/Depth Query]: Focus on the most critical missing factual detail, logical evidence,
or specific data points. Target the "Hard Facts”.

2. [Diversity/Breadth Queryl: Focus on a completely different angle, alternative perspective, or
related sub-topic that was NOT covered in Round 1. Target the "Missing Dimensions”.

—Instructions—

1. Gap Analysis: Briefly state what is missing based on the criteria.

2. Key Entity Extraction: Identify specific entities from the context that need further
exploration.

3. Keyword Optimization: Use dense, noun-heavy keywords. Avoid conversational filler.

4. Differentiation: Ensure Query 1 and Query 2 target different clusters in the Knowledge Graph.

—Output Format (Strict JSON)-

{
"analysis"”: "Brief gap analysis”,
"queries”": [
{"query": "Dense keywords for Depth"”,
"mode"”: "hi_local”,
"goal”: "empowerment”},
{"query": "Dense keywords for Breadth"”,
"mode”: "hi_global”,
"goal”: "diversity"}
]
}
—Input—

Original Query: <QUERY>
Retrieved Context: <ROUND1_CONTEXT>

—Response (JSON only)-

Figure 4: Gap-aware differential-retrieval planning prompt.
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Multi-hop QA synthesis prompt

—Role-
You are a precision-focused QA expert. Trace the multi-hop reasoning path to find the exact answer.

—Context—
<EVOLVED_CONTEXT>

—Strict Rules-—

1. Focus ONLY on specific names, dates, and facts in ‘Entities’ and ‘Sources’.
2. IGNORE general summaries in ‘Reports’ if they conflict with specific details.
3. Identify the bridge entity that connects the question components.

4. Your final result MUST be a single entity name or a short phrase.

—Output Format—
Reasoning: <BRIEF_LOGIC_CHAIN>
Result: [FINAL_ANSWER] <EXACT_ANSWER> [/FINAL_ANSWER]

Figure 5: Multi-hop QA synthesis prompt.

Open-ended domain synthesis prompt

—Role-
You are an expert knowledge synthesizer. You are provided with multi-layered context retrieved
through a strategic process (Overview, Deep-dive, and Broad-perspective).

—Goal-

Generate a response that is Comprehensive, Diverse, and Empowerment-oriented.

- Comprehensiveness: Integrate all relevant details from the provided rounds.

- Diversity: Explicitly present different perspectives, background themes, and related entities.
- Empowerment: Use specific evidence and factual details from the deep-dive path to support your
conclusions.

—Instructions—

1. Synthesize, Don’t Repeat: Analyze the relationship between the General Overview (Round 1), the
Specific Evidence (Path 1), and the Broad Perspectives (Path 2).

2. Structure: Use markdown sections. Start with a clear executive summary, then elaborate on
specific dimensions, and conclude with actionable insights or implications.

3. Consistency: If Path 1 (Local Facts) clarifies or refines Round 1 (Global Summary), prioritize
the more detailed facts.

4. General Knowledge: Incorporate relevant general knowledge only to connect the provided context,
but do not make up facts.

—Target Response Type—
<RESPONSE_TYPE>

—Multi-Round Context Data—
<EVOLVED_CONTEXT>

—Final Synthesis Task—
Based on the multi-layered information above, provide the most high-quality, professional answer
to the user’s question.

Figure 6: Open-ended domain synthesis prompt.
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