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Abstract

Retrieval-Augmented Generation (RAG) has
emerged as a powerful framework for
knowledge-intensive tasks, yet its effective-
ness in long-context scenarios is often bottle-
necked by the retriever’s inability to distinguish
sparse yet crucial evidence. Standard retriev-
ers, optimized for query-document similarity,
frequently fail to align with the downstream
goal of generating a precise answer. To bridge
this gap, we propose a novel fine-tuning frame-
work that optimizes the retriever for Answer
Alignment. Specifically, we first identify high-
quality positive chunks by evaluating their suf-
ficiency to generate the correct answer. We
then employ a curriculum-based contrastive
learning scheme to fine-tune the retriever. This
curriculum leverages LLM-constructed Knowl-
edge Graphs (KGs) to generate augmented
queries, which in turn mine progressively chal-
lenging hard negatives. This process trains the
retriever to distinguish the answer-sufficient
positive chunks from these nuanced distractors,
enhancing its generalization. Extensive exper-
iments on 10 datasets from the Ultradomain
and LongBench benchmarks demonstrate that
our fine-tuned retriever achieves state-of-the-art
performance, improving 14.5% over the base
model without substantial architectural modi-
fications and maintaining strong efficiency for
long-context RAG. Our work presents a robust
and effective methodology for building truly
answer-centric retrievers.

1 Introduction

Large Language Models (LLMs) have achieved
human-level performance on many NLP tasks
(Achiam et al., 2023; Touvron et al., 2023), but still
struggle with long-term memory, often omitting
or conflating details in scenarios requiring com-
plex reasoning or extended context (Li et al., 2024;
Lazaridou et al., 2021).

Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020) addresses this limitation by connecting

LLMs to external knowledge sources, refreshing
their memory at inference time. Since its introduc-
tion, RAG has rapidly evolved from naive RAG
pipeline, with vector retrieval (Shi et al., 2023;
Borgeaud et al., 2022) to advanced pipelines that
incorporate recursive chunking (Sarthi et al., 2024),
knowledge graphs (KGs) (Edge et al., 2024), and
internal memory modules (Qian et al., 2024), sub-
stantially improving the handling of long-context
input.

While KG-integrated pipelines (Edge et al.,
2024) have shown promising gains for complex
summarization, they suffer from efficiency and ac-
curacy bottlenecks in broader retrieval tasks. The
indexing phase in KG-based RAG (Edge et al.,
2024) and follow-up works (Gutiérrez et al., 2024;
Guo et al., 2025) requires processing extremely
large token volumes with powerful LLMs, result-
ing in high computational cost. In addition, KGs
often struggle with fine-grained entity disambigua-
tion: community-curated clusters, though rich, are
noisy and insufficiently filtered. Consequently, re-
trieval may aggregate irrelevant or even conflicting
content, reducing both the consistency and quality
of generated outputs.

To train a retriever for true answer sufficiency,
we propose ARK (Answer-centric Retriever fine-
tuning via KG-driven curriculum), a framework
that redefines the role of Knowledge Graphs in
RAG. Rather than serving as a direct retrieval
source, the KG powers an Answer-Centric Cur-
riculum Learning scheme, enabling fine-grained
discrimination, sufficiency-aware retrieval, and im-
proved generalization of the retriever.

At its core, ARK first identifies what makes evi-
dence truly useful—whether it suffices to generate
the correct answer. We formalize this with an in-
context sufficiency metric combining three align-
ment strategies (Forward, Backward, Retriever) to
extract high-quality positive chunks as anchors.
Building on these positives, ARK leverages the KG



as a hard-negative generator: It runs Personalized

PageRank(PPR) over the KG to extract answer-

relevant subgraphs, which in turn guide the cre-

ation of augmented queries. These queries are
specifically designed to mine progressively chal-
lenging hard negatives. Concretely, we use PPR on

a query-specific subgraph to expose co-occurrence

neighbors near the gold entities, and inject them

into query augmentations so the retriever is drawn
to false positives—highly related yet insufficient
evidence. This community-aware mining yields
harder, more calibration-relevant negatives than
random or keyword-based baselines. Through con-
trastive training against this curriculum, ARK learns
to prioritize truly answer-informative segments
while filtering misleading context, mastering both
sufficiency and fine-grained discrimination.

To summarize, our contributions are:

* We propose ARK, a framework that finetunes the
retriever through contrastive learning for scalable
long-context retrieval.

* We devise a synthetic query-generation pipeline
that uses KG subgraphs to produce challenging
hard negatives, and integrate them into an answer-
centric curriculum learning scheme that progres-
sively increases negative difficulty.

* We introduce an in-context answer sufficiency
metric, composed of three complementary align-
ment scores (Forward, Backward, and Retriever),
to identify high-quality positive chunks that serve
as the anchor for contrastive learning.

* Through extensive experiments, we demonstrate
that ARK achieves state-of-the-art retrieval perfor-
mance on 8 out of 10 datasets across the Long-
Bench and Ultradomain benchmarks, with an
average Fl-score improvement of 14.5% over
the base model, showcasing its effectiveness and
efficiency.

2 Related work

2.1 Traditional RAG Techniques

RAG systems enhance LLM outputs by combin-
ing retrieval with generation. Early implementa-
tions used fixed retrievers to supply documents to
a reader model: classical methods such as BM25
(Robertson et al., 2009) relied on lexical matching,
while neural retrievers like DPR (Karpukhin et al.,
2020) employed dense embeddings for semantic
retrieval. Typically, retrievers were trained on QA
pairs, with readers fine-tuned independently.

Later work emphasized tighter integration. RAG

models (Lewis et al., 2020) enabled end-to-end fine-
tuning by treating retrieved documents as latent
variables, aligning the retriever with a BART-based
generator. This improved recall and consistency
but increased complexity due to non-differentiable
retrieval. To mitigate this, techniques such as hard
negative mining (Robinson et al., 2020) and knowl-
edge distillation from generators into retrievers
(Izacard and Grave, 2021) were proposed, further
enhancing retriever—reader synergy.

2.2 Advanced RAG Techniques

Recent advances in RAG aim to improve retrieval
reasoning and integrate hybrid knowledge sources.
One line of work focuses on query rewriting and
decomposition. RQ-RAG (Chan et al., 2024) en-
hances multi-hop QA by decomposing complex
queries into simpler sub-queries, while HyDE (Gao
et al., 2022) generates hypothetical documents that
serve as refined queries to boost retrieval precision.
Context rewriting techniques have also emerged.
MemoRAG (Qian et al., 2024) further addresses
long-context retrieval by compressing memory and
producing clue phrases to guide retrieval, compos-
ing answers from retrieved snippets.

Another direction integrates symbolic and neu-
ral approaches, often by incorporating KGs into
retrieval pipelines. GraphRAG (Edge et al., 2024)
constructs graphs from documents and summarizes
clusters into “community reports” via community
detection, supporting improved multi-hop reason-
ing. LightRAG (Guo et al., 2025) simplifies this
pipeline by first retrieving low-level nodes and then
following graph links to higher-level concepts, im-
proving both recall and efficiency. HippoRAG
(Gutiérrez et al., 2024) models memory consoli-
dation using KGs and PPR, retrieving subgraphs at
query time to emulate long-term memory access.

3 Methodology

3.1 Framework

Our proposed framework, ARK, follows a two-
stage architecture—Query Construction and Con-
trastive Finetuning—as illustrated in Figure 1.
The first stage prepares curriculum components,
while the second performs training.

In Query Construction, we build an LLM-
derived KG from the context, identify entities from
the QA pair, and extract a query-specific subgraph.
This subgraph supports the creation of injected
queries, which preserve the semantics of the orig-
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Figure 1: Our RAG Retriever Finetuning Framework ARK, which consists of two major stages: A (Query
Construction): From long documents and their corresponding QA pairs, we extract a query-based subgraph using
an LLM-generated KG. The subgraph is reformulated with knowledge injection to produce enriched queries. B
(Contrastive Finetuning): Using both the original query and injected variants, we identify positive chunks (via
alignment scoring) and hard negatives (that match injected queries but differ semantically from ground truth).
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Figure 2: Query Construction Phase. The pipeline
begins with KG Construction, where we extract entities,
relations, and covariates from long documents to con-
struct an LLM-generated KG. Given a corresponding
QA pair, relevant entities are extracted and used to con-
struct PPR-based subgraphs from the KG, with varying
maximum sizes to control difficulty. Finally, Augmented
Queries are formulated with LLM conditioned on these
candidate subgraphs.

positives using our in-context answer sufficiency
metric (combining three alignment scores) to rank
context chunks and select the most sufficient ones.
Hard negatives are chunks that score highly for
an injected query but are absent from the positive
set. With these positives and negatives, we finetune
the retriever via contrastive learning, enhancing

its discriminative ability. The resulting retriever
integrates seamlessly into existing RAG pipelines
without architectural changes.

3.2 KG-based Query Construction

During training, to effectively extract high-quality,
answer-guided queries from ultra-long source con-
texts, we develop an innovative pipeline that inte-
grates LL.M-assisted KG construction, PPR-based
subgraph construction, and finally query formation.
As illustrated in Figure 2, the data generation pro-
cess consists of three steps.

KG construction We adopt a prompt design in-
corporating Chain-of-Thought (CoT) reasoning to
enhance the quality of entity recognition. Different
from the GraphRAG (Edge et al., 2024) approach,
our method focuses solely on extracting entities
and their relationships, removing the need for gen-
erating community-level summaries.

Due to the inherent limitations of LLMs, specif-
ically their focus on localized context, the con-
structed KG may exhibit lower edge density com-
pared to traditional KGs, as only intra-chunk rela-
tionships are identified. To address this sparsity,
we augment the graph by introducing undirected
edges between entities whose embedding similarity
exceeds a predefined threshold 7, thereby enrich-
ing the graph’s connectivity and facilitating more
effective downstream retrieval.

Cohesive Subgraph Extraction by Community
Search To capture neighborhoods most relevant
to the input answer query, we employ commu-



Algorithm 1: Cohesive Subgraph Extrac-

tion
Require: Matched entities V,, LLM-generated KG G(V, E),

PPR parameter «, e, Maximum subgraph size k

Ensure: Answer-related entities Veomn

! Xa ¢ Indicator function of V,

: Compute apr qm(a, xa) with € threshold

: {apr;,v;i }iev  sort(apregm, desc = True)

: {apr;,v;}sevs < Filter trailing terms of {apr;, v; }icv
where {i | apr; < €}

: {apria U’i}iEV’ A {_ log apry, U’i}iEV’

: index < Aargmaxi,i<min{k"vz‘}apr

7: Veomn < First index entities from {apr;, v; }icv’
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nity search, which identifies query-dependent sub-
graphs rather than global clusters. This aligns with
our retrieval objective: surfacing context that is se-
mantically close to the query yet hard to distinguish
from true positives, thus serving as high-quality
hard negatives. LLM-derived knowledge graphs
are typically sparse, with edges concentrated within
intra-chunk links, making purely topology-driven
methods less effective. To address this, we adopt
Personalized PageRank (PPR) seeded on query en-
tities to extract semantically coherent communities.

However, due to the sparsity of LLM-derived
KGs, where edges are primarily confined to intra-
chunk relationships, conventional topology-driven
community search methods often fail to perform
effectively. To overcome this limitation, we utilize
PPR to assess and construct communities based on
semantically aligned entities. We begin by extract-
ing the positive query entities V,, from the answer
and identifying their corresponding entities within
the KG. Using these matched entities, we perform
PPR based on the matched ones, formally defined
as:

pr(a, Xa) = aXa + (1 —a)Wpr(a, xa) (1)

Here, pr(a, x,) denotes the PPR value for the
given entities a on KG G, x, denotes the indi-
cator function of a, o denotes the teleport probabil-
ity, and W = AT D! represents the normalized
transition matrix based on adjacency matrix A and
degree matrix D from graph G.

Due to scalability challenges in computing PPR
over large graphs, we employ power iteration to ap-
proximate the solution. The approximation vector
apr(D(a, x,) is initialized as y,, and iteratively
updated as follows:

apr™™(a, xa) = axa+(1—a)W apr™(a, xa)
2)
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Figure 3: Contrastive Finetuning Phase. Our fine-
tuning pipeline comprises two sequential components:
Ranking Alignment, in which for each sample, we com-
bine three alignment scores to select the Top-M chunks
as positive chunks; followed by Curriculum-based Con-
trastive Learning, which progressively refines the re-
triever through (i) in-batch negative sampling, (ii) hard
negatives 7, mined via query set 7,4, , and (iii)
more challenging negatives 7, _ . obtained from Q.

Given the absolute approximation error bound:
|apr™ (e, x4) — apr™ (e, xa)|| . < € The
computational complexity of the iterative method is
@) (|E| log %), as initially proposed by (Haveliwala
and Kamvar, 2003).

Following the approach of (Andersen and Chung,
2007; Zhou et al., 2025), we detect sharp drops in
the approximated PPR scores to delineate topologi-
cally coherent communities, but here we choose the
largest first difference of |log apr| as it naturally
shapes a cohesive subgraph. From the resulting
subgraph, community information is subsequently
used to construct augmented queries to generate
hard negatives 7, ., used for the retriever. The
overall subgraph extraction is outlined in Algo-
rithm 1.

3.2.1 Query Formation

Once we have retrieved community entities Veomn,
we synthesize a richer query collection Q%% by
perturbing and extending the original QA instance.
Each new query carries additional context, such
as answer spans, related entities, or semantic re-
lations, and thus provides the retriever with more
signals for hard negative chunks. Concretely, for
each original QA pair, we sample subgraph entities
Veonn € V of controllable size and connectivity,
and then apply the following query-transformation
requirements:



Category Example

Comparison Compare or contrast among the
given entities.

Causal Ask for a cause or effect based on
the descriptions.

Quotation Use a quote or a redefined term from

the descriptions.
Frame the question from a different
perspective.

Perspective Shift

Table 1: Query Transformation Categories. Examples
are instructions used in generating injected queries.

By instantiating the augmented query genera-
tion process using an LLM over subgraphs of two
different sizes, we construct a diverse pool of aug-
mented queries Q2“8 = {q1, ..., qn}, categorized
into large and small variants, Q7"¢ and Qg”g, re-
spectively. Each query type is paired with a corre-
sponding set of hard negatives, denoted as ﬁgrdL
and ﬁ;rds. This augmentation strategy facilitates
the curriculum learning of the retriever, which en-
hances its capacity to capture fine-grained semantic
distinctions.

3.3 Alignment-Based Fine-Tuning

After extracting answer-relevant chunks, we fine-
tune the retriever using a multi-stage framework.
Specifically, we introduce an answer-centric in-
context scoring approach, carefully designed to
mitigate weight collapse by maintaining balanced
and informative gradients. Building upon this
alignment-based scoring and ranking, we progres-
sively apply a curriculum learning strategy that
incrementally exposes the retriever to increasingly
challenging negative samples, thereby systemati-
cally enhancing its discriminative power and ensur-
ing stable generalization performance.

3.3.1 Alignment-Based Ranking

To retrieve positive chunks, we propose several
alignment-based scoring functions that link a can-
didate chunk not only to the query but also to the
expected answer, which is relevant to the query and
sufficient to support accurate answer generation.

Forward Alignment Given a chunk ¢ and the
full question ¢, we evaluate the likelihood of the
generator LLM (parameterized by ) reproducing
the reference answer a = (ay, . .., ajq|). This score
quantifies the sufficiency of the chunk ¢ to gener-
ate the correct answer. During scoring, the con-
catenated query and chunk prompt [g¢; ¢] is fed to
the model. We employ teacher forcing, using the
ground-truth answer tokens as targets to calculate

the mean token log-likelihood without them be-
ing part of the conditioning context. The forward
alignment score Sy is thus defined as:

|a|

1
Sf(qvtaa) = mzlogpe(ai|Qatva<i) (3)
i=1

This score is computed in a single forward pass by
aggregating the log-softmax probabilities for each
token in the ground-truth answer.

Backward Alignment Analogously, to measure
the relevance of a chunk in linking the answer back
to the original query, we pair the chunk ¢ with the
answer a and task the model with reconstructing
the question g. The backward score Sy, is calculated
using the same teacher-forcing technique:

]

Sb(&,t, (D = m 10gp9(Qj|a7taQ<j) (4)
j=1

This bidirectional scoring mechanism ensures that
selected chunks are strongly correlated with the
reasoning path from question to answer.

Parameter Alignment To regularize the fine-
tuning process and mitigate catastrophic forgetting,
we incorporate the original retriever’s similarity
score, .Sy, as a form of parameter alignment. This
score uses the cosine similarity to preserve the ge-
ometric structure learned inherent in the original
retriever.

Su(g,t) = sim(g, t) ©)

The final unified score .S for a given chunk ¢ and
QA ¢, a is a weighted combination of these three
components. We did not tune these weights, as
we believe adjustment is unnecessary. Instead, we
adopt intuitive fixed values: equal weights for for-
ward and backward alignment, and a slightly lower
weight for parameter regularization (A\y = 1.0,
A = 0.3, A\, = 1.0).

S(t) = /\fo + ApSp + AuSy (6)

This unified score serves as the primary criterion
for identifying high-quality positive samples for
the initial stage of our fine-tuning curriculum.

3.3.2 Curriculum-Based Contrastive
Finetuning
Illustrated in Figure 3. We structure the fine-tuning

process as a three-stage curriculum, where the dif-
ficulty of the discrimination task increases at each



stage. This approach allows the model to first learn
a robust answer-centric representation and then pro-
gressively refine it by focusing on increasingly sub-
tle and challenging distractors.

Stage 1: Initial Answer-Centric Alignment
The primary goal of this stage is to align the re-
triever with chunks that are highly conducive to
generating the correct answer. For each query g,
we calculate the unified score S(t) for all candi-
date chunks in 7. We select the top-M chunks with
the highest scores as the positive set 7. The re-
triever is then trained using a contrastive objective.
Specifically, for a given positive pair (g, ") where
tT € T, we use other positive chunks within the
same mini-batch as in-batch negatives. This is an
effective and efficient method for initial training.
The loss for this stage is the InfoNCE loss:

exp(sim(q, 1) /7)
Zt}EBatch exp(sim(q, t;)/T)
(7
where sim(+, ) is the cosine similarity from the
retriever being trained and 7 is a temperature hy-
perparameter.

EStagel = —log

Stage 2: Coarse Alignment with O7'¢  After the
initial alignment, we further enhance the retriever’s
robustness by incorporating hard negatives. Specif-
ically, we leverage Q7% generated from the KG.
Using the retriever fine-tuned in Stage 1, we re-
trieve the top-K chunks for each complex query
q € Q7. From this set, we exclude any chunks
that appear in the ground-truth positive set 7 .
The remaining chunks constitute the hard negative
set Tyorq, - Compared to 7y, 4, these negatives
are less challenging due to their greater semantic
diversity. The retriever is then further trained to
distinguish the original positive chunks from these
hard negatives.

es(at™)
Ytec(q) €@’

where s(q,t) = sim(q,t)/7 and C(q) = {tT} U
7;1;rd'

Stage 3: Fine-Grained Alignment with Q%' In
the final stage, we further sharpen the retriever
using the simple augmented queries Q%'®, which
are minor perturbations of the original query (e.g.,
with only distracting covariates added). We use
the retriever from Stage 2 to retrieve chunks and,
after filtering out the golden positives, obtain a set

®)

EStage2 = —log

of "harder" negative chunks ﬁ;rds. The training
objective remains the InfoNCE loss, but with a
more challenging target.

4 Experiment

4.1 Datasets

In this paper, we focus on the long-text QA task.
For training, we sample 200 cases each from the
Finance and Legal domains (both from the Ultrado-
main dataset) to generate augmented queries. For
evaluation, we first select five domains from the
Ultradomain benchmark in MemoRAG (Qian et al.,
2024), namely Biology, Fiction, Music, Technol-
ogy, and Philosophy, each represented by a dis-
tinct domain-specific dataset. We also use five
LongBench (Bai et al., 2023) dataset which in-
cludes both single-document QA: NarrativeQA
(Kocisky et al., 2018), Qasper (Dasigi et al., 2021)
and multi-document QA: HotpotQA (Yang et al.,
2018), 2WikiMQA (Ho et al., 2020), and MuSiQue
(Trivedi et al., 2022).

4.2 Experiment Setup

Our Framework We adopt Qwen3-embedding
(Zhang et al., 2025b) as our base model for fine-
tuning, due to its state-of-the-art performance
across a wide range of downstream tasks and its
strong knowledge inheritance from the Qwen LLM.
To emphasize the efficiency and scalability of our
framework, we utilize the smallest variant (0.6B
parameters). For each subgraph, we generate 10
augmented queries and retrieve 10 positive chunks
per query. To construct the negative set, we sample
the top 20 retrieved chunks and exclude any that
overlap with the positives.

Model Selection We first employ the latest
Gemini-2.5-Flash (Comanici et al., 2025) as our
foundational model for OpenlE. The construction
of our KG follows the GraphRAG (Edge et al.,
2024), but the community generation is different.
The NetworkX library is utilized to execute approx-
imated PPR when conducting a query-based com-
munity search. We then employ Gemini-2.5-Pro
(Comanici et al., 2025) for constructing injected
queries with the same ground truth as the original
query. We use GPT-4.1 to evaluate win rates via
pairwise comparisons.

Baselines We compare our approach against
three categories of baselines: 1) Full: Directly pro-
viding the entire context to an LLM. 2) Dense Re-



Table 2: Main Evaulation results. The evaluation metrics are Fl-score / Win Rate (%), with the best results
highlighted in bold and the second-best results underlined. The improvement rate (1 %, (ARK- Base) / Base) is
calculated based on our base model Qwen3-embedding. Cell shading indicates relative win rates compared to ARK.

METRICS MODELS LongBench UltraDomain
nar qas mus 2wiki hot bio fic music tech phil
Full 1295 2279 674 20.13 2687 2747 2575 2550 2268  23.05
Qwen3-embedding  19.58 2390 14.19 2124 3527 3299 2941 3490 3803  34.04
BGE-M3 1837 2333 2113 2286 3864 3252 3172 3534 3913 3597
Stella-v5 2090 2339 17.08 22.13 3545 3385 3241 3502 3516  34.09
- Jina-emb-v3 1939 2070 2058 1934 39.17 3288 29.00 3374 3874 3681
GraphRAG 421 7.69 215 552 303 1887 1692 1497 2193 200l
LightRAG 265 325 195 367 274 1606 1413 1508 1219  14.04
HippoRAG 1151 2190 13.09 3096 2871 3613 2923 3294 2715  29.06
MemoRAG 1549 1796 874 1657 2279 3108 2787 3326 39.14  31.98
ARK(Ours) 2157 2404 2060 2341 4235 3619 3259 38.03 40.16 37.86
+% 102 0.6 452 2241 201 97 108 9.0 5.6 11.2
Full 8333 4603 8000 6452 70.97 [ 9500 1100007 88.89 | 9474 1100007
Qwen3-embedding 5833 52.54 6346 57.14 68.89 [95000 8571 WO47AN 7857  55.56
BGE-M3 60.00 5077 56.00 52.54 5283 70.59 8462 5882 7333  60.00
Stella-v5 65.67 66.67 5800 5000 6739 7222 6250 6471 7143 8947
ARK WIN RATE Jina-emb-v3 63.08 5484 5490 5741 4324 7798 6154 6667 5882  50.00
GraphRAG 93.62 9070 7826 8375 7857 85.00  95.00
LightRAG 96.63 9670 9146 91.36 96.74 95.00
HippoRAG 87.34 53.85 5821 3467 6076 7178 4444 6250 7000  70.00
MemoRAG 80.00 7500 6622 57.14 67.65 | 92.86 9412 8421 8750  88.24

trieval model: Qwen3-embedding: The original re-
triever without fine-tuning. BGE-M3 (Chen et al.,
2023): A hybrid retrieval model that integrates mul-
tiple strategies to achieve high accuracy and gen-
eralization across benchmarks. Stella-v5 (Zhang
etal., 2025a): A top-ranking retriever on the MTEB
leaderboard (Muennighoff et al., 2022). Jina-emb-
v3 (Sturua et al., 2024): A powerful and widely-
used multilingual, multi-task embedding model.
3) Advanced RAG methods: GraphRAG (Edge
et al., 2024): Utilizes LLM-generated knowledge
graphs and the Leiden algorithm for hierarchical
retrieval. LightRAG (Guo et al., 2025): Combines
dual-level retrieval with vector and graph struc-
tures. HippoRAG (Gutiérrez et al., 2024): Lever-
ages PPR for community-based retrieval.l. Mem-
oRAG (Qian et al., 2024): Employs a lightweight
long-context LLM to construct global memory and
generate retrieval cues.

For online QA, we adopt Mistral-7B-Instruct-
v0.2-32K (Jiang et al., 2023) as the default gener-
ator to avoid potential pretraining contamination.
Effectiveness is evaluated with F1-score (following
each dataset’s original setup) and pairwise win rate
averaged over five runs for consistency.

4.2.1 Running Environment

ARK is implemented in Python 3.10 with PyTorch
2.7.1. All experiments are conducted on a ma-

chine equipped with 8 NVIDIA H20 GPU. We
utilize NetworkX, PyTorch, transformers, and
sentence transformers as the main libraries.
In addition, we use Ollama for inference and
SWIFT (Zhao et al., 2024) to finetune the Qwen3-
embedding.

4.3 Performance Evaluation

Table 7 reports the F1 scores and pairwise win-
rate on the LongBench and UltraDomain bench-
marks. Overall, ARK consistently outperforms
its base model (Qwen3-embedding) across all
datasets and achieves state-of-the-art performance
compared to both KG-based baselines and top-
ranking dense retrievers. In particular, ARK attains
consistently higher pairwise win rates across the
10 evaluated datasets, outperforming both graph-
based approaches (e.g., GraphRAG, LightRAG)
and strong dense encoders (e.g., BGE-M3, Stella,
Jina, Qwen3). Notably, it exceeds a 50% win rate
on the majority of benchmarks.

ARK shows strong generalization beyond its train-
ing domains (Finance and Legal), maintaining ro-
bust performance on unseen datasets, showing
that our KG-guided curriculum not only improves
retrieval accuracy but also enhances the ability
to surface contextually meaningful evidence be-
yond the training distribution. Gains are especially
pronounced on reasoning-intensive tasks such as



MuSiQue and HotpotQA, where retrieval must syn- METHOD mus 2wiki  nar tech phil
Fhes1ze dispersed ev@ence. By exp1.1c1t1y optimiz- Liama3.1-8B-Instruct
ing for answer sufficiency, the retriever learns to
favor chunks that are both relevant and sufficient for QWEN3  9.63 2826 17.70 1991 20.72
. . . . ARK 11.48 (+) 36.00 (+) 15.04 - 21.47 v 21.17 ()
generating faithful answers. On certain multi-hop
Owen2.5-7B-Instruct
STAGE  SCORING  mus  hot  bie  phil  Qwgn3 1074 2765 1670 1946 2262
Original - 14.19 3527 3299 34.04 ARK 14.61 (+) 29.47 (+) 16.77 (+) 20.09 (+) 24.64 (+)
1% Full 18.44 4096 3235 34.89 . .
wioEA. 1431 13640 3136 13295 Table4: Transferability of the ARK to different genera-
w/o B.A. 1673 39.74 33.57 34.12  tors.
w/oPA. 1529 37.03 33.18 3473 .
ond Full 1847 4213 3474 3611 introduces coarse hard negatives from larger sub-
" graphs to expose the model to more diverse distrac-
3" (ARK)  Full 20.60 4235 36.19 37.86

Table 3: Ablation study. STAGE denotes finetuning
stages (Original is the base model), and SCORING spec-
ifies alignment types: Forward (F.A.), Backward (B.A.),
and Parameter (P.A.).

tasks like 2Wiki, graph-centric methods such as
HippoRAG remain competitive due to their traver-
sal advantage. Nevertheless, ARK matches or sur-
passes their performance without requiring costly
graph construction or long-context LL.Ms, thus of-
fering higher efficiency. Moreover, unlike resource-
intensive systems such as MemoRAG, which de-
mand end-to-end training, our approach fine-tunes
only the retriever. This modular design enables
seamless integration into existing RAG pipelines,
making ARK both practical and scalable. In sum-
mary, by emphasizing answer sufficiency while pre-
serving query similarity, ARK consistently yields
relevant and sufficient evidence for long-context
retrieval without altering the underlying RAG ar-
chitecture.

4.4 Ablation Study

To better understand the role of each design compo-
nent, we conduct ablations over the three alignment
strategies and the curriculum process (Table 3). For-
ward alignment proves most critical, as it directly
measures chunk sufficiency for generating correct
answers; its removal leads to the largest drop in per-
formance. Backward alignment further supports
complex reasoning by enforcing semantic coher-
ence, and removing it causes retrieved passages
to match superficially but lack utility. Parameter
alignment, though less dominant, stabilizes train-
ing by anchoring the embedding space, reducing
overfitting and collapse in noisier domains.

The curriculum stages also show clear benefits:
Stage 1 (answer-aligned positives with in-batch
negatives) provides a strong initial boost, Stage 2

tors and enhance robustness, and Stage 3 employs
fine-grained negatives from smaller subgraphs for
sharper discrimination. This progressive structure
teaches the retriever not only to capture relevance
but also to identify evidence truly necessary for
accurate answer generation.

4.5 Transferability Across Generators

We further investigate whether the retriever fine-
tuned on QWEN3-EMBEDDING can transfer to
other generators without additional adaptation. We
evaluate end-to-end QA by directly plugging ARK
into two instruction-tuned LLMs: LLAMA-3.1-
8B-INSTRUCT and QWEN2.5-7B-INSTRUCT. As
shown in Table 4, ARK consistently improves per-
formance across both generators, indicating the
generalization of out training method. A slight
drop on NAR with Llama-3.1 suggests interaction
between generator decoding preferences and re-
trieval signals, motivating future work on generator-
aware optimization or joint training aligned with
generation loss.

5 Conclusion

We propose ARK, a fine-tuning framework for re-
trievers that uses curriculum learning to integrate
KG knowledge through hard-negative generation.
ARK constructs a compact knowledge subgraph
using LLM-generated KG and PPR-based cohesive
community search; selects positive examples via
three-way alignment while preserving the base en-
coder’s similarity signal; and applies a three-stage
curriculum with augmented query retrieval that in-
crementally incorporates harder negative chunks.
The framework requires no architectural modifi-
cations, which fits standard RAG pipelines. Ex-
periments on UltraDomain and LongBench demon-
strate consistent improvements in F1 score and pair-
wise win-rate.



Limitations

While our framework demonstrates strong effec-
tiveness across diverse domains and tasks, it also
has several limitations. First, our evaluation is con-
strained to publicly available benchmarks, which
may not fully capture the diversity of real-world ap-
plications. In addition, while inference is KG-free,
our training pipeline depends on an LLM-derived
KG for hard-negative mining; noise in entity ex-
traction or linking can affect the curriculum quality.
We leave these aspects for future work.
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A KG-based Query Generation

The KG serves as a core component of our framework, providing structured semantic representations that
enable both entity-level reasoning and query augmentation. In this section, we detail the KG-construction,
hyperparameters, and prompts used for Entity Extraction, and Query Generation.

A.1 KG construction

Our KG construction pipeline transforms unstructured text into a structured graph of entities and relations.
Using an LLM-based extraction process followed by embedding-driven augmentation, we ensure semantic
consistency and connectivity between related concepts. The algorithm 2 outlines this process.

Algorithm 2: KG Construction
Input: Context context, Chunk size B and overlap size b, Selected generator LLM, Embedding

model EMB, Similarity threshold 7
Output: Generated KG G(V, E)

// 1. Chunking and Extraction
chunks < Chunk(context, B, b) > Using token-based chunking
Entities, Rels <+ {},{}
foreach chunk in chunks do
11m_output < LLM(prompt,chunk)
(extracted_ents, extracted_rels) « ParseLLMOutput(11m_output)
Entities U (ent,chunk_id) for ent in extracted_ents
Rels U (tuple, chunk_id) for tuple in extracted_rels
end
9 G + KG_generation(Entities, Rels)
10 > Construct KG using LLM-generated entities and relations
// 2. Graph Augmentation
11 sim_matrix < GetCosSimilarityMatrix(G.nodes)
12 > Using embedding model to calculate cosine similarity
13 for ¢ from 0 to sim_matrix.rows — 1 do

N S B R W N =

=)

14 for j from i + 1 to sim_matrix.cols — 1 do
15 if sim_matrix[i, j] > 7 then

16 src « entli]

17 tgt < ent[j]

18 tuple < (src,Rel_aug, tgt)

19 G InsertEdge(tuple, None)

20 end

21 end

22 end

23 return G

A.2 Hyperparmeter

Table 5 summarizes the key hyperparameters used in document processing, KG generation, and PPR re-
trieval. The default settings are empirically chosen to balance computational efficiency and representation
quality.
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Table 5: Key hyperparameters used in KG generation.

Category Parameter Default
D (P . LLM Gemini-2.5 Flash
ocument Processing 512
b 12
Graph Augmentation EMB ESE-HB
Q 0.85
PPR € le-4
k 200

A.3 Entity Extraction Prompt

To build a coherent KG, we use a prompt that explicitly instruct the LLM to extract entities, their attributes,
and relationships in a structured format.

Entity Extraction Prompt

Given a text document that is potentially relevant to this activity, your task is to identify all entities
of specific types and the relationships among them.

Steps:

1. Identify Entity Types:

2. Extract Entities:

Format each entity as:
("entity"<|>entity_name<|>entity_type<|>entity_description>)
3. Identify Relationships:

Format each relationship as:
("relationship” <|>source_entity<|>target_entity<|>relationship_description<|>
relationship_strength>)

Listing 1: A snippet of the prompt used for entity and relationship extraction. The full prompt provides detailed
instructions and examples to the LLM.

A4 Query Generation Prompt

Beyond KG construction, we employ a query generation process to expand the dataset and develop the
curriculum learning pipeline. This prompt guides an LLM to craft semantically diverse yet answer-
consistent questions by leveraging entity-level co