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Abstract

Retrieval-Augmented Generation (RAG) improves large lan-
guage models by retrieving external knowledge, often trun-
cated into smaller chunks due to the input context window,
which leads to information loss, resulting in response hal-
lucinations and broken reasoning chains. Moreover, tradi-
tional RAG retrieves unstructured knowledge, introducing ir-
relevant details that hinder accurate reasoning. To address
these issues, we propose TAdaRAG, a novel RAG frame-
work for on-the-fly task-adaptive knowledge graph construc-
tion from external sources. Specifically, we design an intent-
driven routing mechanism to a domain-specific extraction
template, followed by supervised fine-tuning and a reinforce-
ment learning-based implicit extraction mechanism, ensuring
concise, coherent, and non-redundant knowledge integration.
Evaluations on six public benchmarks and a real-world busi-
ness benchmark (NowNewsQA) across three backbone mod-
els demonstrate that TAdaRAG outperforms existing methods
across diverse domains and long-text tasks, highlighting its
strong generalization and practical effectiveness.

Code — https://github.com/IAAR-Shanghai/TAdaRAG

Introduction

In recent years, large language models (LLMs) (Achiam
et al. 2023; Guo et al. 2025; Yang et al. 2025) have achieved
significant breakthroughs in natural language processing,
particularly in tasks such as text generation and question-
answering systems (Yang et al. 2024b; Laban et al. 2024).
However, relying solely on internal parametric knowledge
often leads LLMs to generate plausible but factually incor-
rect responses, known as hallucinations (Maynez et al. 2020;
Zhou et al. 2020; Feng et al. 2024; Sun et al. 2024). To miti-
gate this issue and enhance reliability, retrieval-augmented
generation (RAG) integrates external knowledge sources
into LLMs, providing enriched and contextually grounded
inputs for more accurate responses (Jiang et al. 2023b).
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Figure 1: An illustrative example where the RAG system
fails to generate correct responses due to truncation, lead-
ing to hallucinations, broken reasoning and irrelevant de-
tails. Our proposed TAdaRAG addresses these issues by in-
tegrating the task-adaptive knowledge graph dynamically.

However, current RAG approaches face several critical
limitations in practical scenarios, retrieving large amounts
of relevant information, such as related documents, which
are split into smaller chunks due to input size constraints (Fi-
nardi et al. 2024; Yepes et al. 2024). This approach truncates
complete knowledge, leading to information loss in chunks,
which can cause hallucinations in responses, as shown in
Case (a) of Figure 1. Additionally, discrete chunks fail to
capture the inherent logical relationships within the corpora,
disrupting reasoning chains and affecting accuracy in com-
plex tasks, as seen in Case (b). Moreover, traditional RAG
models input unorganized knowledge, recalling irrelevant
details that hinder key information extraction and may im-
pact practical usability, as illustrated in Case (c).

Recent graph-based RAG methods leverage knowledge
graphs (KGs) to organize information through structured
relationships, enhancing reasoning with summary-like re-
sponses (Peng et al. 2024; Guo et al. 2024). However, these
methods rely on preconstructed KGs, which require man-
ual maintenance, lack scalability, and introduce redundant
or incomplete information, limiting retrieval accuracy. To
this end, we propose TAdaRAG, a novel framework that



diverges from traditional graph-based RAG by integrating
task-oriented KG construction directly into the reasoning
process, rather than during the retrieval phase. This dy-
namic structure mitigates text fragmentation hallucinations,
enhances complex task reasoning, and enables more precise
knowledge extraction without requiring predefined graphs.

Specifically, we first employ intent detection to route in-
put texts to tailored extraction templates, ensuring precise
initial graph construction across diverse domains. Then we
refine the process through supervised fine-tuning, transform-
ing fragmented external knowledge into concise, logically
organized, and non-redundant structures. Finally, to achieve
automatic KG extraction and self-optimization, we intro-
duce an instruction-level implicit extraction mechanism op-
timized via reinforcement learning, which significantly en-
hances the relevance and accuracy of the extracted KGs.

We comprehensively evaluated the performance of
TAdaRAG and existing RAG baselines on six public bench-
marks and NowNewsQA, a business-scenario benchmark
for Chinese current affairs news question answering (QA).
Meanwhile, the incremental results at each stage shown in
the ablation results demonstrate the effectiveness of our pro-
posed method. In addition, we conducted a human evalua-
tion of the answers generated by different methods, and the
results further confirm that TAdaRAG consistently outper-
forms other advanced baseline methods in terms of answer
quality. We also examined the consistency between LLMs
ratings and human ratings, as well as the consistency among
expert ratings, further demonstrating the reliability of LLM
scoring and TAdaRAG. To sum up, our main contributions
are as follows:

* We propose TAdaRAG, a task-adaptive RAG framework
that integrates structured KG representations into the rea-
soning process. By dynamically constructing domain-
relevant subgraphs, TAdaRAG effectively addresses the
hallucination problem caused by chunked input in long-
text tasks, enhances reasoning capabilities in complex
scenarios, and ensures more accurate extraction and uti-
lization of external knowledge.

We evaluate TAdaRAG on both public benchmarks and
real-world business scenarios, covering tasks across var-
ious domains and long-text settings. The results show
that TAdaRAG outperforms existing methods in multiple
fields and long-context RAG tasks, demonstrating strong
cross-domain generalization.

TAdaRAG has been successfully deployed in commercial
applications, with trial accounts now available for user
access and testing.

Related Work

Retrieval-Augmented Generation (RAG). RAG enhances
language models by retrieving information from external
knowledge bases to improve text accuracy and credibil-
ity (Borgeaud et al. 2022; Guu et al. 2020). Early methods
encoded documents into vectors for fast retrieval (Chen et al.
2024b; Karpukhin et al. 2020a), while later approaches in-
troduced multi-step retrieval mechanisms to iteratively re-
fine results and enhance long-text comprehension (Jiang
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et al. 2023b; Su et al. 2024; Trivedi et al. 2023). RAG
has been widely used in tasks such as Multi-Document
QA (Karpukhin et al. 2020b; Trivedi et al. 2023), summa-
rization (Edge et al. 2024; Laban et al. 2024), and Open-
domain QA (Siriwardhana et al. 2023; Yang et al. 2024b;
Zhang, Fang, and Chen 2024). Recent advancements also
explore adaptive retrieval strategies to align retrieved con-
tent with query intent (Mo et al. 2024). However, existing
methods process input text coarsely, introducing irrelevant
information and omitting key details, which limits accuracy.

Graph-Enhanced Retrieval-Augmented Generation.
Graph-enhanced RAG (Peng et al. 2024) models com-
plex knowledge relationships through graph structures, en-
hancing retrieval comprehensiveness and reasoning capa-
bilities. Early efforts extracted facts from predefined KGs
(e.g., Wikidata (Vrandeci¢ and Krotzsch 2014)) but strug-
gled with dynamic task adaptation. Recent studies shift to-
ward building task-specific graphs from raw text. For ex-
ample, GraphRAG (Edge et al. 2024) constructs KGs from
textual data and generates community-based summaries;
PathRAG (Chen et al. 2025) significantly improves retrieval
efficiency and reduces redundancy by identifying key re-
lation paths; HippoRAG (Jimenez Gutierrez et al. 2024)
uses LLMs to convert document corpora into open KGs,
serving as its artificial hippocampal index; and Chain of
Knowledge (Wang et al. 2024) helps mitigate hallucinations
through structured evidence generation and rigorous verifi-
cation. These advancements highlight the potential of graph-
based methods to dynamically adapt to varied tasks and im-
prove contextual relevance. These studies underscore the
role of graph structures in improving generation logic and
reasoning accuracy. However, most existing methods rely
on manually crafted graph models or static corpora, limit-
ing their generalization ability.

Handling Long-Context Tasks in LLMs. In long-text
tasks, LLM enhancement methods can be broadly divided
into three categories. The first category focuses on ex-
panding the context window through direct extension tech-
niques (Jin et al. 2024) and key-value (KV) cache prun-
ing (Zhang et al. 2023), where THINK (Xu et al. 2024b) re-
duces memory overhead by pruning redundant KV channels
based on low-rank attention patterns. Neurocache (Safaya
and Yuret 2024) introduces an external vector cache that
stores compressed past states and employs efficient k-
Nearest Neighbors retrieval to extend effective context
lengths without full model retraining. The second category
improves long-text response quality through model fine-
tuning, employing strategies such as supervised fine-tuning
(SFT) (Chen et al. 2023) and reinforcement learning from
human feedback (RLHF) (Zhao et al. 2024). The third cat-
egory introduces auxiliary structures to guide reasoning.
For example, Quiet-STaR (Zelikman et al. 2024) enhances
CoT reasoning by generating token-level predictions; MEM-
ORAG (Qian et al. 2024) utilizes a memory module to gen-
erate retrieval cues; and INFO-RAG (Xu et al. 2024a) re-
fines retrieved content through a document optimizer. These
methods help reduce noise, redundancy, and coherence is-
sues in text generation but often require manually designed
schemas or costly retraining.



Methodology

The TAdaRAG framework for language generation task
(e.g., summarization) is formulated as follows. Given a

database D = {(x;, yl)}z 1» where each pair (z,y) rep-
resents a document and its summary, the framework con-
sists of training and inference stages. For training (Figure 2),
the Supervised Knowledge Extraction Fine-tuning Stage
leverages strong LLMs (Achiam et al. 2023; Guo et al. 2025)
and domain-specific templates to generate KGs from D, en-
abling SFT for cold-start. The Task-Adaptive Knowledge
Graph Construction Stage then trains the model to dynam-
ically extract task-adaptive KG using the REINFORCE al-
gorithm. During inference, the adaptive KG supports LLMs
in generating accurate responses.

Supervised Knowledge Extraction Fine-Tuning

Intention Detection Pretrained language models often
struggle with precise entity extraction, introducing irrele-
vant or redundant entities, which harms downstream per-
formance, especially in real-world industry scenarios where
capturing relevant entities is crucial for reliable responses.

To address this challenge, we introduce carefully designed
external templates to guide entity extraction, reducing re-
dundancy and improving entity relevance. Considering the
diverse industry-specific requirements, we first identify key
application domains and manually select high-impact entity
types that most effectively support answer generation. Ad-
ditionally, we design tailored extraction templates for gen-
eral as well as specialized scenarios, enabling the model to
determine the required entity types, entity description speci-
fications, and relationships among entities for each domain.
This significantly enhances the model’s cross-domain gen-
eralization capability.

In practice, given a user query ¢ and external knowledge
r, we use prompts to perform intent detection and select
the appropriate template ¢, enabling the model to accurately
identify the required node types and relation patterns for the
current task. The model then extracts a typed knowledge
graph that directly aligns with the detected intent and max-
imizes downstream answer quality. In the RAG setting, this
dynamically constructed, domain-aware knowledge graph is
integrated into the generation pipeline to produce more ac-
curate and contextually appropriate responses.

Fine-Tuning on High-Quality Corpus Based on the ob-
tained template {, we construct an instruction set I =
{g,r,t} by integrating the question ¢ and external knowl-
edge r, serving as data samples for supervised knowledge
extraction fine-tuning (Friel, Belyi, and Sanyal 2024). Then,
we use strong LLMs to perform the knowledge extraction
task on the instruction set, generating high-quality knowl-
edge extraction results G. Based on these instruction-graph
pairs, we create a high-quality dataset for supervised knowl-
edge extraction fine-tuning, covering four question domains
and seven sub-datasets, totaling 9,548 fine-tuning samples.
Finally, leveraging LoRA (Hu et al. 2022) for supervised
fine-tuning on a pretrained LLM with the dataset, we train
the model to achieve excellent knowledge extraction capa-
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Stage 1: Supervised Knowledge Extraction Fine-Tuning
Intention Detection Fine-Tuning on High-quality Corpus
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Figure 2: An illustration of our proposed TAdaRAG frame-
work and its two-stage training: (1) Supervised Knowledge
Extraction Fine-tuning and (2) Task-Adaptive Knowledge
Graph Construction.

bilities, laying a crucial foundation for on-the-fly construc-
tion of high-quality KGs.

Task-Adaptive Knowledge Graph Construction

Parallel Construction LLMs’ inability to assess single
KG quality can lead to suboptimal outcomes when relying
on only one KG for next-token generation. Sampling
multiple candidate KGs helps mitigate this issue. Therefore,
based on the training set Dirqin = {(z4,v:)}Y,, the
model performs knowledge extraction on the input text and
constructs p parallel subgraphs g; = {g},92,...,9"}.
Learnable tokens <|startextraction|> and
<|]endextraction|> are used to indicate the start
and end positions of knowledge extraction, enabling the
model to naturally embed the knowledge graph during
generation and achieve implicit knowledge extraction.

Mixing Network To enhance the model’s understand-
ing and utilization of structured information in knowl-
edge graphs, we propose a graph-structured fusion network.
Given an instruction-response pair (z;,y;) and a subgraph

g¥, we first obtain the hidden state H* = hs[x;; g

of the j-th token in the response under the original RAG
method. In our proposed TAdaRAG, which incorporates the

subgraph g¥, the corresponding hidden state is HE™" =

i,5,k T
—1
hs[zs; e ;s gk

To better measure the importance of knowledge graph
compared to direct responses, we concatenate the two ob-
tained hidden states and input them into a three-layer MLP
with ReLU activation to compute the weight for each token

7 07 74,0,k

in the response:
wj ;,k = MLP(concat( ).
where concat(-) denotes the concatenation.
Meanwhile, we compute the log-likelihoods under the
conditions of without and With the knowledge graph:

Hbase ngdph (1 )

L = log po(y | wiyyl ™) = FHI), @
LA = logpo(y] | @iy’ ™V, gF) = FHER), (3



where f(-) softmax (Imhead(-)), Imhead(-) maps the
hidden state to the vocabulary space to obtain logits, and
softmax(-) converts them into a probability distribution.

Finally, we compute the weighted sum of the j-th token
to obtain the log-likelihood incorporating the graph structure
for generation and optimization:

mix w/o graph
L, + (1 —wijwe) Lix

o w/ graph
k= Wijk 'li,j,k

“

Optimizing Graph Construction Given that the ex-
tracted KGs vary in length and content, we aim to determine
the most beneficial subgraph for optimizing the response.
Specifically, for all instruction-answer pairs (z;,y;) in the
training set Dy, our objective is to find an optimal sub-
graph §() that maximizes 7 (y; | 2;, 3).

To achieve this, we design a reward function R based on
the REINFORCE algorithm to quantify the impact of intro-
ducing subgraphs on response generation. We first consider
the loss of model direct response to ensure its ability to an-
swer without external knowledge:

Ebase = _E(m,y)ND [1Og o (y | Z‘)] . (%)

Next, we consider the loss when incorporating the knowl-

edge graph into the response, aiming to train the model to

learn how to integrate the input instruction and subgraph to
generate more accurate answers:

[:graph = 7E(m,y,g)~]D)Ug [log Uy (y | &€, g)} . (6)
At this point, for the case where the ¢-th instruction refer-

ences the k-th subgraph, we design the reward function R as
follows:

Ry = max(0, £ — L5 — R;). @
This reward function increases the likelihood of selecting

knowledge graphs that perform better than the average R;.
Finally, the REINFORCE loss term is defined as:

LREINFORCE _ _ B log o (gF | ). 3

Thus, the total loss function for model training is defined
as:

L= L% 4 (1—aq). L& 4 3. REINFORCE
where « and 3 are hyperparameters.

©))

Experiments

In the experiments, we investigated the following research
questions (RQs): RQ1: How does the effectiveness of our
proposed TAdaRAG framework compare to the state-of-
the-art RAG baselines? RQ2: How effectively does the
TAdaRAG framework handle long-context tasks? RQ3:
How does the TAdaRAG framework generalize to real-world
task scenarios? RQ4: Has each training stage of our frame-
work contributed effectively? RQS: How do different hyper-
parameter values in TAdaRAG influence the performance?

In addition to addressing these questions, we conducted
further experiments including statistical significance testing,
latency analysis, KG refinement evaluation, evidence verifi-
cation and case studies in the extend version.

Evaluation of Public Datasets

Datasets & Metrics. (1) For Q&A Tasks: We conducted
experiments on Health, Biology, and Legal datasets for
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open-domain QA (Qian et al. 2024), and HotpotQA and
2WikiMQA for restricted QA (Yang et al. 2018; Ho et al.
2020; Bai et al. 2024), evaluated with F1. (2) For Summa-
rization: We used GovReport dataset to evaluate summary
generation (Huang et al. 2021), evaluated with ROUGE-L.

Baseline. We compare TAdaRAG against seven repre-
sentative RAG approaches. NaiveRAG (Gao et al. 2023)
implements the standard RAG paradigm. BGE-M3 (Chen
et al. 2024a) is a versatile text embedding model with
multi-lingual, multi-task, and multi-granularity capabili-
ties. RQ-RAG (Chan et al. 2024) extends this framework
by jointly learning to reformulate queries before retrieval,
thereby improving the relevance of retrieved passages.
GraphRAG (Edge et al. 2024) adopts LLM-extracted knowl-
edge graphs and community detection to enable scalable,
comprehensive summarization for complex queries. Hip-
poRAG (Jimenez Gutierrez et al. 2024) adopts hippocampal
indexing theory and KGs for reasoning. MEMORAG (Qian
et al. 2024) effectively expands the application scope of
the RAG system by introducing memory modules. Finally,
PathRAG (Chen et al. 2025) retrieves nodes, prunes key
paths, and converts them to text to guide LLM generation.

Implementation Details. In this study, we adopt Mistral-
7B-Instruct (Jiang et al. 2023a) , Qwen2.5-7B-Instruct and
Qwen?2.5-14B-Instruct (Yang et al. 2024a) as the backbone
model. For the two-stage training strategy, we perform SFT
in Stage 1 for 5 epochs, with a maximum input sequence
length of 20,480 tokens, a batch size of 1, gradient accumu-
lation over 8 steps, and a cosine learning rate scheduler ini-
tialized at 5e—5. In Stage 2, we train the model using ZeRO
stage-2 optimization with the AdamW optimizer, a per-GPU
batch size of 1, and bfloatl6 precision, for 3 epochs at a
learning rate of Se—7. During training, we generate multiple
KGs per instruction using a sampling temperature 7' = 0.6;
for evaluation, we apply greedy decoding. The maximum
KG length is set to 2048 tokens, with longer outputs trun-
cated. The entire training process takes approximately 16
hours using 8 NVIDIA A100 (80 GB) GPUs, with 4 hours
for Stage 1 and 12 hours for Stage 2.

Main Results (RQ1) Table 1 and Figure 4 highlights sev-
eral key insights. Taking Mistral-7B results as an example:

Hallucination Mitigation. TAdaRAG mitigates informa-
tion loss in chunked text through on-the-fly knowledge
graph construction with two-stage training, outperforming
state-of-the-art (SOTA) RAG baselines MEMORAG in fac-
tual domains (Health: 37.40 — 40.77; Biology: 35.70 —
39.31). On the Legal dataset, TAdaRAG significantly out-
performs NaiveRAG (35.80 — 49.88), demonstrating strong
factuality in answering questions that require the integra-
tion of lengthy legal clauses. Its close performance to
MEMORAG (49.88 vs. 51.20) further suggests potential
for domain-specific enhancement. These results demonstrate
that the structured knowledge integration of TAdaRAG not
only improves answer accuracy but also enhances model ro-
bustness across domains.

Reasoning Enhancement. TAdaRAG enhances rea-
soning chain completeness by dynamically organizing
knowledge hierarchies. Compared to MEMORAG, it



| ULTRADOMAIN | LongBench
Methods
| Health Biology Legal | HotpotQA 2WikiMQA GovReport
Based on Mistral-7B-Instruct
NaiveRAG 34.80 34.10 35.80 37.60 20.60 27.40
Standard RAG | pap i3 33.20 32.20 42.00 36.20 20.30 26.10
RQ-RAG 33.37 33.42 42.60 37.00 21.50 18.60
GraphRAG 35.60 34.80 37.65 38.00 36.50 25.60
Advanced RAG | (R AG 34.54 34.23 35.36 39.30 33.10 25.22
PathRAG 21.67 20.10 18.57 24.22 18.71 15.66
MEMORAG 37.40 35.70 51.20 42.90 30.30 31.60
w/ graph 38.19 36.87 32.92 38.30 38.48 33.72
TAdaRAG w/ sft 40.00 38.92 39.32 41.60 38.86 35.39
w/ reinforce 40.77° 39.31° 49.88 44.83" 39.31° 36.41°
Based on Qwen2.5-7B-Instruct

NaiveRAG 35.25 35.28 36.55 45.78 32.28 20.68
Standard RAG |55k \p3 30.20 33.20 40.60 36.28 33.30 20.10
RQ-RAG 31.50 31.90 38.80 37.40 34.10 21.00
GraphRAG 36.82 34.67 40.62 4333 37.52 28.46
Advanced RAG | i CRAG 35.73 35.53 40.31 45.89 36.16 27.23
PathRAG 32.65 30.46 32.34 33.79 29.09 24.55
MEMORAG 36.87 36.00 47.60 37.99 35.32 31.13
w/ graph 40.77 38.31 41.76 48.74 42.84 33.88
TAdaRAG wi sft 41.35 39.62 44.55 49.03 43.37 35.47
w/ reinforce 42.38" 40.75" 46.83 49.23" 43.79° 36.95"

Table 1: Experiments based on Mistral-7B-Instruct and Qwen2.5-7B-Instruct. GovReport uses the ROUGE-L metric, and other
datasets use the F1 metric. The w/ graph variant leverages KGs via prompting, w/ sft enhances knowledge extraction through
SFT, and w/ reinforce optimizes task-adaptive KG construction with reinforcement learning. * indicates statistically significant

improvements (p < 0.01) over SOTA RAG baselines.

achieves notable improvements on complex reasoning tasks
(2WikiMQA: 30.30 — 39.31) and multi-hop question an-
swering (HotpotQA: 42.90 — 44.83), demonstrating its su-
perior ability to support structured, multi-step inference.

Task-Oriented Extraction. TAdaRAG outperforms the
SOTA MEMORAG in summarization tasks (GovReport:
31.60 — 36.41), indicating improved scalability and pre-
cision in integrating task-oriented knowledge for long-text
summarization.

Long-Context Task Analysis (RQ2) We further
compared TAdaRAG with three long-context mecha-
nisms: Self-Extend (Jin et al. 2024), H20+THINK, and
SnapKV+THINK (Xu et al. 2024b) on six datasets, using
the same foundation model, as shown in Figure 3. On
HotpotQA and 2WikiMQA, TAdaRAG effectively handles
multi-document QA, rivaling dedicated long-context mod-
els without modifying storage. On GovReport, it excels in
long-document summarization, demonstrating the benefits
of task-adaptive KG construction for long-context task.

Evaluation of Business Scenarios

Dataset Construction. Based on real-world business sce-
narios from Xinyu Al Search (Wu et al. 2024), we crafted
NowNewsQA, a multi-document QA dataset focused on the
news domain, consisting of 3,150 examples (3,000 for train-
ing and 150 for testing). The questions were derived from
diverse real-user queries covering trending topics, political
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developments, economic shifts, and major societal events,
reflecting the dynamic and multifaceted nature of news con-
sumption. Reference documents were retrieved using the
Xinyu Al Search engine, which employs hybrid retrieval
techniques to aggregate and rank documents based on their
relevance to each query. Each document set mirrors actual
search outputs from a production-level engine, preserving
realistic characteristics such as redundancy, noise, and par-
tial relevance. As such, NowNewsQA serves as a challeng-
ing benchmark for evaluating model performance in reason-
ing over fragmented news content within real-world busi-
ness contexts.

Multi-Faceted Evaluation Criteria. Establishing a gold-
standard answer for RAG tasks is difficult, which be-
comes especially challenging in real-world industry scenar-
ios where responses can vary widely and exhibit subjectiv-
ity. Thus, we adopted a rating-based evaluation framework
instead of relying on exact-match metrics. To ensure the ro-
bustness and relevance of the evaluation, we invited domain
experts with journalism backgrounds and master’s degrees
to design a set of multi-dimensional criteria that comprehen-
sively assess the quality of generated answers. The criteria
include: (1) Relevance, (2) Numerical Precision, (3) Con-
ciseness, (4) Factuality, (5) Timeliness, (6) Comprehensive-
ness, (7) Clarity, (8) Coherence, and (9) Insightfulness.

LLM Evaluation. Conducting comprehensive human
evaluations using multi-faceted criteria for all experiments
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Figure 5: Multi-faceted comparison of different methods based on human (H) and GPT-40 (L). Higher values indicate better

performance, with a maximum value of 10.

is cost-prohibitive. To address this, we adopted an LLM to
assess generated answers. This automated evaluation strat-
egy has been widely applied in prior work (Chen et al. 2025;
Peng et al. 2024; Qian et al. 2024). Specifically, we utilized
GPT-40, prompting it to generate point-by-point justifica-
tions and assign a final score based on the defined criteria.
The temperature was set to 0 to ensure deterministic out-
puts. As shown in Table 2, the LLM-based scores exhibit
strong correlation with human evaluations, as evidenced by
the comparative results in Figure 5.

Metric Value Metric Value
Relevance 0.706  Comprehensiveness 0.850
Numerical Precision 0.755  Clarity 0.867
Conciseness 0.847  Coherence 0.925
Factuality 0.842  Insightfulness 0.881
Timeliness 0.828 - -

Table 2: Pearson correlation coefficients between human and
LLM scores for different evaluation criteria.

Baseline. We test TAdaRAG against NaiveRAG (Gao
et al. 2023), MEMORAG (Qian et al. 2024), and
PathRAG (Chen et al. 2025) on real-world business scenar-
ios based on Mistral-7B-Instruct, with performance assessed
under multi-faceted evaluation criteria.

Comparative Evaluation (RQ3) We present the compre-
hensive evaluation and analysis as follows.

Multi-Faceted Evaluation of the Generated Answer.
We compare TAdaRAG with existing RAG systems by invit-

ing human experts to assess the generated answers using
the multi-faceted evaluation criteria. As shown in Figure 5,
TAdaRAG achieves the highest overall average score (7.904
vs. 7.720), demonstrating superior performance across mul-
tiple dimensions. Notably, it significantly outperforms other
methods in conciseness (8.251 vs. 7.637) and factuality
(8.449 vs. 7.850). These results underscore the effective-
ness of our task-adaptive knowledge graph construction in
mitigating hallucinations and enhancing response accuracy.
Furthermore, TAdaRAG’s strong performance on real-world
business queries highlights its practical feasibility and broad
generalizability in applied settings.

LLM-Based Multi-Faceted Evaluation. Figure 5 re-
ports the results of the multi-faceted evaluation conducted
by GPT-40. Although the absolute scores differ from those
given by human annotators (see Figure 5), the relative rank-
ings are largely consistent, indicating a strong correlation
between the two (see Table 2). These findings suggest that
LLM-based evaluation is a reliable proxy for human judg-
ment and can effectively reflect model performance across
key dimensions.

Human Scoring Consistency Verification. To verify the
consistency of human judgments, we computed the inter-
rater agreement among three expert annotators on 150 test
samples using Pearson correlation across nine evaluation di-
mensions. The average correlation scores for each metric are
reported in Table 3. As shown, all models exhibit consis-
tently high agreement, indicating that the evaluation criteria
are well-defined and easy to apply. These strong correlations
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Model Rel. Num. Concise Fact. Time. Comp. Clarity Coh. Insight
NaiveRAG 0.813 0.727 0.777 0.814 0.742 0.663 0.774 0.764 0.676
MEMORAG 0.764 0.701 0.763 0.841 0.747 0.667 0.815 0.722 0.691
PathRAG 0.797 0.674 0.807 0.806 0.759 0.716 0.712 0.691 0.654
TAdaRAG 0.791 0.691 0.856 0.821 0.719 0.683 0.806 0.680 0.694
Table 3: Pearson correlation coefficients for human scoring consistency verification.
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Figure 6: Ablation study on NowNewsQA.

further suggest that human ratings are stable and reliable,
thereby reinforcing the credibility of the evaluation results
presented in this study.

Ablation Study (RQ4)

This section investigates the impact of structured KGs in our
setting and validates the necessity of the two-stage training
design in TAdaRAG. The results, summarized in Table 1 and
Figure 6, reveal that:

The introduction of prompt-based KG, which utilizes
KGs extracted by the model itself through domain-specific
templates, significantly improves model performance across
various datasets. For example, it outperforms NaiveRAG,
with 2WikiMQA improving from 20.60 to 38.48 and Gov-
Report from 27.40 to 33.72, indicating that KGs effectively
enhance model reasoning and summarization capabilities.
Moreover, the results of direct prompt-based integration val-
idate the feasibility of enhancing the model through KG in-
corporation, providing a solid basis for the subsequent opti-
mization of KG construction.

Supervised Knowledge Extraction Fine-tuning enables
the model to achieve ideal KGs extraction, bridges prompt-
based KG construction and task adaptation. For instance,
it improves accuracy by 19.44% on Legal dataset and by
5.56% on Biology dataset, demonstrating its effectiveness in
optimizing knowledge extraction and boosting answer pre-
cision. Results outperform the prompt-based version, indi-
cating that higher-quality KGs lead to better performance.

Task-Adaptive KG Construction further improves the
model across all datasets and tasks, validating the effective-
ness of our REINFORCE algorithm. For example, it signif-
icantly enhances complex question answering in the Legal
domain, with performance improving by 26.86% compared
to Stage 1. Moreover, it boosts results across other datasets
to achieve SOTA performance, showcasing the indispens-
ability of this stage.
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(a) Mistral-7B-Instruct (b) Qwen2.5-7B-Instruct

Figure 7: Parallel Subgraphs vs. Performance

Hyperparameter Analysis (RQS)

We investigate the impact of varying the number of parallel
subgraphs sampled during training on model performance.
As shown in Figure 7, both Mistral-7B and Qwen2.5-7B
achieve optimal performance when the number of subgraphs
is set to 3 across most datasets. Using a subgraph number of
2 restricts the model’s reasoning capacity and impedes the
identification of optimal substructures. Increasing the num-
ber beyond 3 (e.g., 4 or 5) may introduce noise into the opti-
mization process for models with 7B parameters, thereby de-
grading performance. Specifically, HotpotQA benefits from
2 subgraphs, as this suffices for focused reasoning, whereas
GovReport performs better with 4 subgraphs due to its
need for more diverse and informative subgraphs to sup-
port evidence aggregation in summarization. Moreover, ex-
periments with Qwen show stable performance across vary-
ing subgraph numbers, suggesting that stronger models with
higher performance exhibit greater training stability.

Conclusion

In this paper, we present TAdaRAG, a task-adaptive RAG
framework that dynamically constructs structured knowl-
edge graphs to mitigate hallucinations, strengthen reason-
ing, and enhance knowledge extraction. Extensive exper-
iments on six public benchmarks and a real-world busi-
ness dataset demonstrate consistent improvements across
factual QA, multi-hop reasoning, long-text summarization,
and industry scenarios, highlighting strong generalization
and practical utility. The current design involves dynamic
KG construction and multi-stage training, adding computa-
tional overhead and relying partly on manually crafted tem-
plates, which may constrain efficiency and adaptability in
more complex scenarios. Future work will further improve
the efficiency of KG construction, reduce computation cost,
and enhance adaptability, aiming to strengthen the frame-
work’s scalability and reliability in real-world settings.
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