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Abstract

Retrieval Augmented Generation (RAG) with Knowledge
Graphs (KGs) is an effective way to enhance Large Lan-
guage Models (LLMs). Due to the natural discrepancy be-
tween structured KGs and sequential LLMs, KGs must be
linearized to text before being inputted into LLMs, leading
to the problem of KG Alignment with LLMs (KGA). How-
ever, recent KG+RAG methods only consider KGA as a sim-
ple step without comprehensive and in-depth explorations,
leaving three essential problems unclear: (1) What are the
factors and their effects in KGA? (2) How do LLMs under-
stand KGs? (3) How to improve KG+RAG by KGA? To fill
this gap, we conduct systematic explorations on KGA, where
we first define the problem of KGA and subdivide it into
the graph transformation phase (graph-to-graph) and the lin-
earization phase (graph-to-text). In the graph transformation
phase, we study graph features at the node, edge, and full
graph levels from low to high granularity. In the lineariza-
tion phase, we study factors on formats, orders, and templates
from structural to token levels. We conduct substantial ex-
periments on 15 typical LLMs and three common datasets.
Our main findings include: (1) The centrality of the KG af-
fects the final generation; formats have the greatest impact
on KGA; orders are model-dependent, without an optimal or-
der adapting for all models; the templates with special token
separators are better. (2) LLMs understand KGs by a unique
mechanism, different from processing natural sentences, and
separators play an important role. (3) We achieved 7.3% av-
erage performance improvements on four common LLMs on
the KGQA task by combining the optimal factors to enhance
KGA.

1 Introduction

Large language models (LLMs) (Zhao et al. 2023b)
have demonstrated superior capabilities and generalizabil-
ity across various tasks (Bang et al. 2023; Ye et al. 2023)
and are regarded as a step toward realizing Artificial Gen-
eral Intelligence (AGI) (Bubeck et al. 2023; Xi et al. 2023).
However, recent studies reveal that LLMs lack expertise and
up-to-date knowledge (Schick et al. 2023; Peng et al. 2023),
suffer from hallucination (Rawte, Sheth, and Das 2023), es-
pecially in knowledge-intensive tasks (Bang et al. 2023).

*Corresponding authors.
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Figure 1: Examples of four KG linearization formats, one
type of factor in KGA, and their average performances on
the GraphextQA test set over 14 models indicate the signifi-
cance of KGA in RAG.

To address these issues, the current mainstream approach
builds Retrieval-Augmented Generation (RAG) systems that
enable LLMs to access external knowledge to improve gen-
eration quality (Gao et al. 2024).

Knowledge Graphs (KGs) are one of the most commonly
used external knowledge sources and have unique advan-
tages: (1) They are structured and easy to retrieve (Ji et al.
2022). (2) They represent the core semantics of knowledge
in the form of triple, which is aligned with human cognition
(Zhao et al. 2022; Lin et al. 2024). (3) They support sym-
bolic reasoning, which can give human-readable reasoning
paths for interoperability (Abu-Salih 2021). Thus, incorpo-
rating KGs into LLMs by RAG (KG+RAG) is a promising
way to elevate LLMs to the next level (Pan et al. 2024).

Since there is a natural discrepancy between structural
KGs and sequential LLMs, KGs must be linearized into
text to be fed into LLMs, which raises a unique problem:



KG Alignment with LLMs (KGA), i.e., how to input KGs
into LLM. Although recent KG+RAG studies have explored
some factors in KGA, such as formats (Zhang et al. 2024;
Wu et al. 2023), orders (Li et al. 2023b; LUO et al. 2024a),
and templates (Jiang et al. 2023b; Wen, Wang, and Sun
2024), they only consider KGA as a simple step without
systematic and in-depth studies. However, we find KGA is
critical and indispensable, directly affecting the efficiency
of utilizing the retrieved knowledge and the quality of the
final generation (see Figure 1 as an example). Moreover, a
deficient KGA can even corrupt the original capabilities of
LLMs, leading to knowledge conflict and worse responses
(Longpre et al. 2021; Zhou et al. 2023).

Although previous works have extensively studied the
KG+RAG, three key questions remain unclear: (1) What are
the influencing factors and their effects in KGA? (2) How do
LLMs understand KGs, and what is the underlying mecha-
nism? (3) How to use KGA to improve KG+RAG?

To address the above problems, we systematically explore
KGA. We subdivide KGA into two phases (see Figure 2): (1)
the graph transformation phase, where we perform graph-to-
graph transformation by modifying the retrieved sub-KG at
the graph level; (2) the linearization phase, in which the sub-
KG is linearized to achieve graph-to-text conversion. Then,
we examine the influencing factors at each phase. In the
graph transformation phase, we explore 81 graph features,
according to Graph Theory (West et al. 2001), from node,
edge, and full graph granularities to study their impact on
the final generation and identify the most crucial features by
feature analysis methods. In the linearization phase, we in-
vestigate the performance of 13 formats, 13 orders, and 14
templates across 15 models, 3 datasets, and 2 enhancement
tricks (few-shot and fine-tuning), providing systematic and
generalizable results. We completed more than 3,500 exper-
iments covering almost all influencing factors in KGA and
identified the effects of each kind of factor. Based on these
results, we draw conclusions from the perspective of inter-
pretability and usability. For interpretability, we uncover a
distinct mechanism for LLMs to process KGs, which varies
from processing general sentences. For usability, we find
and utilize the combinability between different factors to
enhance the KGA, which can effectively improve the per-
formance of KG+RAG.

Our contributions are summarized as follows:

¢ We first define and emphasize the problem of KG Align-
ment with LLMs (KGA), which is a critical and indis-
pensable part of KG+RAG, and conduct systematic ex-
periments to fill this gap.

We identify key factors and their effects in KGA, in-
cluding (1) the centrality of the sub-KG affects the final
generation, (2) formats are the most influential factor in
KGA, (3) orders are model-dependent, without one that
is optimal for all models, and (4) templates with special
token separators work better.

We find LLMs process KGs through a unique mechanism
(circuits) by performing mechanistic interpretable analy-
sis, where separators play an important role.

* Based on our findings, enhancing the KGA can effec-
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tively improve the average performance of four typical
LLMs on the KG+RAG task by 7.3%.

2 Related Work
2.1 KG+RAG with LLMs

Based on the way of fusing KGs, recent KG+RAG studies
can be categorized into two types: (1) explicit fusion, where
KGs are converted to text and concatenated into prompt; (2)
implicit fusion, where additional KG encoding modules are
added to the LLMs so that the KGs can be directly inputted
into the LLMs.

Most of the current methods are explicit fusion, where
they usually focus on designing the retrieval methods (Baek,
Aji, and Saffari 2023; Li et al. 2023a; Jiang et al. 2023b;
LUO et al. 2024b; Zhang et al. 2024; Xiong, Bao, and Zhao
2024) and the overall pipeline (or LLM agents) (Li et al.
2023b; Wu et al. 2023; Sun et al. 2024; Wen, Wang, and Sun
2024; Sanmartin 2024; Dong et al. 2024). Although these
methods achieve good results, they ignore the importance
of KGA without considering the structural characteristics of
KG itself, resulting in non-optimum performance.

Some studies try to integrate KGs directly into LLMs by
designing additional KG encoding modules. Such as GNP
(Tian et al. 2024b), KG-Adapter (Tian et al. 2024a) and G-
Retriever (He et al. 2024). They design different KG en-
coders and use LoRa or other methods to fine-tune the LLM
and KG encoders simultaneously. Although these methods
bypass the KGA process by utilizing KG encoders to input
the KG directly, they need training LLMs and KG encoders,
resulting in high costs. Furthermore, since the KG represen-
tations and the textual representations exist in different vec-
tor spaces, suffering from the heterogeneous representation
problem (Lin et al. 2019; Sun et al. 2022), causing them less
effective than the explicit fusion methods.

2.2 Mechanistic Interpretability

Mechanistic interpretability is a sub-field of LLMs inter-
pretability that understands language models by investigat-
ing individual neurons and especially their connections in
terms of circuits (Zhao et al. 2023a). A foundation work
conceptualizes the operation of transformers in a new way,
providing a mathematical framework for transformer cir-
cuits, using that they find “induction heads” that can explain
in-context learning in small models (Elhage et al. 2021).
Another work (Olsson et al. 2022) validates if “induction
heads” still hold true on much more complex state-of-art
models. Then, many of the following works try to discover
more circuits for different tasks, like “indirect object identi-
fication” (Wang et al. 2023) and “greater-than” (Hanna, Liu,
and Variengien 2023). Besides, some works are trying to ex-
plain different behaviors in LLMs. For example, Chughtai,
Chan, and Nanda (2023) study the universality hypothesis
by presenting a novel algorithm, Nanda et al. (2023) inves-
tigate the recently-discovered phenomenon of “grokking”,
Meng et al. (2022) locate factual knowledge in LMs, and
Todd et al. (2024) discover task vectors. Recently, new theo-
ries and analytical tools have been proposed that greatly ad-
vance the field (Nanda and Bloom 2022; Ferrando and Voita
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Figure 2: (a) KGA in the KG+RAG process. (b) Factors in KGA and their IDs. (c) Interpretability: how LLMs understand KGs.

(d) Usability: improving KG+RAG by KGA.

2024; Tufanov et al. 2024). Although many phenomena have
been explained, there is still a long way to go in fully under-
standing LLMs. There are no interpretability studies for how
LLMs understand KGs. Hence, we take the first step to fill
this gap by analyzing the information flow routes of KGs in
LLMs.

3 KG Alignment with LLMs
3.1 Definitions

First, we will define Knowledge Graph (KG) and KG Align-
ment with LLMs (KGA).

Definition 1. Knowledge Graph. Given an entity set
E = {ey,...,en} and a relation set R = {ry,....,7ar}.
A knowledge graph is a graph constructed by E and R:
G = {FE, R}. If there is a directed edge r;; from e; to e,
then it can construct a triple: T,,, = T;; = (e;,74j,€;5),m <
M. KG can also be defined as a set of triples G
{T1, T, ..., Tk, ..., Tnr }, where each Ty, is a triple.

Definition 2. KGA. KGA is the process of converting
structural KGs into sequential texts while maximizing model
performance. We subdivide it into the graph transformation
phase and the linearization phase. Previous studies only ex-
amined the linearization without considering that LLMs may
also have preferences for certain graph features, i.e., some
graph features of the sub-KG will affect the final generation.

25293

Therefore, we introduce the graph transformation phase to
study the impact of graph features and how to better align
sub-KG with LLMs by graph-level modifications.

The first phase is to modify the graph at the graph level:

G' = fa(G) (1)
where f are graph operations, such as adding reverse edges
or changing the graph type. In the second phase, the updated
graph G’ is converted into text:

M
Text = fr(G') = fr({J (W) = frJ (eirrijr €5)
k i,j
(2)
= fr(follJ fileirijie)) 3)

i,

where fr = {ff, fo, ft} is a set of methods that transforms
triples into texts, f7, fo, f; are three specific methods in for-
mats, orders, and templates. So, the target of KGA can be
defined as below:

argmax logPy(y|Q, fr(fa(Gy)))

fa,fr

where () is a user question, y is the true answer, G, is a sub-
KG related to @, 6 is a frozen LLM, and the target of KGA
is to find two best operations fg and fr to maximize the
probability of generating the correct answer.

“4)



3.2 Studied Factors

After defining the KGA, we examine the influencing factors
and their effects at each phase. See Figure 2 for our studied
factors.

Graph Transformation Phase We aim to examine how
graph features impact the final generated results, determine
their relative importance, and how to use them to guide the
performance improvement of KG+RAG.

Based on Graph Theory (West et al. 2001), a graph has
features from three dimensions: node, edge, and full graph.
Accordingly, we selected 25 node features, 8 edge features,
and 48 graph features to study. We only list some typical
features here (see Appendix for details of all features).

* Node Features (25): degree centrality, laplacian central-
ity, average neighbor degree, eccentricity, pagerank, etc.

* Edge Features (8): betweenness centrality, preferential
attachment, jaccard coefficient, etc.

* Graph Features (48): vertex cover size, minimum cut,
global reaching centrality, s-metric, non-randomness,
dominating set num, etc.

Linearization Phase In the linearization phase, we focus
on three kinds of factors from structural level to token level:
(1) formats, (2) orders, and (3) templates. The formats de-
termine the overall structure of the linearized text, and the
orders determine the positional relationships between the
triples, while the templates determine the specific represen-
tation of each triple. Thus, these three categories of factors
encompass the complete process of KGA in the linearization
phase.

The formats determine what form of text the sub-KG will
be transformed into (see Figure 1 as an example). Flat triples
are the most common way to convert KGs to text, which
fills the entities and relations of the triples into a pre-defined
template. The path-based formats fill the retrieved paths (i.e.,
multi-hop paths from entities in the question to entities in the
possible answers) into path-style templates, and we explore
three algorithms to retrieve paths: simple path, Dijkstra short
path, and Bellman short path. KG-to-Text is a unique for-
mat that designs and trains models to convert KGs to natural
language sentences, where we use MVP (Tang et al. 2023),
the SOTA KG-to-Text method. Graph description language
(GDL) is a special language that can convert a graph into
code-like formal text, and we test the two most commonly
used GDLs: DOT (Gansner, Koutsofios, and North 2006),
and GML (Brandes et al. 2013).

Orders decide the positional relations between different
triples, often used in RAG systems’ post-retrieval process
(i.e., re-ranking). We study two kinds of order methods: se-
mantic similarity-based and graph travel-based. For the se-
mantic similarity-based methods, we try two sentence em-
bedding models (all-mpnet-base-v2 ' and BGE-M3 (Chen
et al. 2024)) and four rank strategies (ascending or descend-
ing order based on similarity to the question or answer), to-
taling eight combinations. For the graph travel-based meth-
ods, we test two graph traversal algorithms, BFS and DFS,

"https://huggingface.co/sentence-transformers/all-mpnet-base-
v2
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combined with directed and undirected graphs, resulting in
four combinations.

Templates determine the specific representation of each
triple transformed into text. Basically, a template is a set of
separators, and we define them as left separator (L), right
separator (R), middle separator (M), and outer separator (O)
based on their position in the template. Formally, a template
is LAMrMtRO. where h, r,t are the head entity, relation,
and tail entity from a triple, L, M, R, O are separators in
the template, which could be various punctuation marks or
special tokens. We explore 14 templates used in previous
methods.

4 Experimental Setup
4.1 Datasets

We use three commonly used KGQA datasets: GraphextQA
(Shen et al. 2023), ComplexWebQuestions(CWQ) (Talmor
and Berant 2018) and WebQuestionsSP(WQSP) (Yih et al.
2016). More details are in the Appendix.

4.2 Models

We use 15 models total from 125M to 175B+, includ-
ing: Llama-2-7b-base, Llama-2-7b-chat, Llama-2-13b-chat,
Llama-3-8b-base, Llama-3-8b-instruct (Touvron et al. 2023;
Meta 2024); Mistral-7b-v0.1, Mistral-7b-instruct (Jiang
et al. 2023a); Phi-3-mini-128k-instruct (Abdin et al. 2024);
opt-125m, opt-350m, opt-1.3b, opt-2.7b, opt-6.7b (Zhang
et al. 2022); ChatGPT, GPT-40 (OpenAl 2021).

4.3 Enhancement Tricks

We test the performance of different factors under few-shot
(Brown et al. 2020) and fine-tuning by LoRa (Hu et al. 2022)
as two enhancement tricks for generalizability.

4.4 Evaluation Metrics

We follow previous work (Jiang et al. 2023b) to use Hits@1
to evaluate the correctness of the prediction, which assesses
whether the predicted answer is correct or not, suitable for
evaluating LLMs (Adlakha et al. 2024).

Rank-biased Overlap (RBO) (Webber, Moffat, and Zobel
2010) measures the similarity between incomplete rankings
and weight high ranks more heavily than low ranks. We use
it to measure the consistency of different factors across set-
tings to indicate generalizability.

4.5 Implementation Details

For the graph transformation phase, we use the Python
library NetworkX (Hagberg, Schult, and Swart 2008) to
compute the graph features”, and use seven feature analy-
sis methods: Permutation Importance, feature importance in
Random Forests and XGBoost, Pearson Correlation, Recur-
sive Feature Elimination, PCA, and ANOVA to calculate the
importance scores for each graph feature.

Zhttps://networkx.org/documentation/stable/reference/
algorithms/index.html
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Figure 3: Effects of factors in the linearization phase. (a) 13 formats on 15 models. (b) 13 formats on diverse datasets and tricks.
(c) 13 orders on 15 models. (d) 13 orders on diverse datasets and tricks. (e) 14 templates on 15 models. (f) 14 templates on
diverse datasets and tricks. The dataset of (a)(c)(e) is the GraphextQA test set, and the model of (b)(d)(f) is Llama-2-7b-chat.
Z-score is standardized Hits@ 1. The mappings of IDs are in Figure 2(b).

For the linearization phase, we use vLLM (Kwon et al.
2023) with a temperature of 0 and a top-p of 0.25 for infer-
ence, a greedy decoding strategy, and a zero-shot prompt
for most experiments. We extract the model generation’s
first and last lines to compute the metrics. We conduct case
studies of interpretability analysis using Information Flow
Routes (Ferrando and Voita 2024), one of the mechanistic in-
terpretability tools for explaining LLMs’ behavior. For Chat-
GPT and GPT-40, we random sample 10% data to test.

See the Appendix for more details.

5 Results and Discussions

5.1 Effects of Factors

Graph Features Table 1 shows the graph features with the
top-10 importance scores averaged over seven feature anal-
ysis methods. We find that the most important features are
mostly associated with centrality, which measures the im-
portance (or how “central” a node is in the graph) of various
nodes in a graph. This may be because nodes with higher
centrality appear in more triples and recur more often in the
linearized text. Based on that, we design two methods to
improve the centrality of a sub-KG: adding a virtual global
node and adding reverse edges. Surprisingly, both methods
improve the final performance on different models (in Table
2), which suggests that the graph features of sub-KG can af-
fect the generation results. However, few existing KG-RAG
methods have considered graph features and added them to
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the system design, so there is still a lot of potential for im-
provement in existing methods.

Graph Features Avg Std  Range
degree_centrality 422 13.8 69.1
betweenness_centrality 458 114 69.8
average_neighbor_degree 464 112 644
information_centrality 485 11.6 69.1
current_flow_betweenness_centrality 49.6 150 75.6
global_reaching_centrality 498 115 74.1
closeness_centrality 50.6 13.1 70.7
katz_centrality 523 135 64.2
eccentricity 523 16.1 909
non_randomness 528 11.7 737

Table 1: Top-10 graph features, avg, std, and range rep-
resenting the mean, standard deviation, and range of their
rankings among seven feature analysis methods.

Formats In Figure 3(a), the flat triple methods
(id=12,11,0) achieve the best average performance
since they keep all information from sub-KG. Path-based
approaches using different path algorithms obtained similar
scores (id=9,5,7), suggesting that these algorithms are not
vital influencing factors, but the graph type (directed or
undirected) displays a significant influence (id=8§,10,6).
KG-to-Text methods (id=1,2) are not as good as in previous
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Figure 4: Case studies: information flow routes of opt-125m by different inputs to show how the model processes various
factors. Nodes are representations in residual streams. Edges mean via residual (gray), attention (green), or FEN (pink).

work (Wu et al. 2023) because the KG-to-Text model
(MVP) is often missing information or even generating
non-existent information, implying that this approach needs
training on specific datasets with low generalizability. GDL
methods (id=4,3) are ineffective on small LLMs as they
struggle to understand formal code but perform comparably
to flat triples on larger LLLMs such as Chatgpt and GPT-4o.

We compare the information flow of different formats to
understand why flat triples perform better. As shown in Fig-
ure 4(a),(d), their information flow is quite distinct, and there
is a solid connection between the separators (Figure 4(a)),
which “guide” the direction of information flow.

For generalizability, the average RBO on three datasets is
0.65, meaning an optimal method has a roughly 65% proba-
bility of keeping optimal on another dataset, and the RBO of
different tricks is 0.73, suggesting the linearization formats
are generalizable across datasets and tricks (Figure 3(b)).

Orders Orders are strongly related to models’ preferences
without an optimal order adapts all models (Figure 3(c)) and
show great generalizability across datasets and tricks (Fig-
ure 3(d)) with 0.82 and 0.7 RBO scores. However, previ-
ous studies usually rank triples in descending order based on
similarity with questions, which is unsuitable for all LLMs.
The orders are model-related due to similar information flow
across different orders for the same model (Figure 4(a)(b)).

Templates There is a 10.7-point difference between the
average score of the best and worst templates, suggesting
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that templates are an important consideration, which is over-
looked in previous studies (Figure 3(e)). We find the tem-
plates with special tokens perform better (id=8~13) since
the information flow of these special tokens shows a BOS
feature (Ferrando and Voita 2024; Cancedda 2024), where
the residual stream is not activated in the middle layers (Fig-
ure 4(c)). This BOS feature benefits the model’s understand-
ing of the KG by summarizing previous information as a re-
layer without adding their own linguistic content since mem-
ories are stored in the middle layer FFN (Geva et al. 2021).
The RBO on different datasets and tricks are both 0.6, show-
ing decent generalizability (Figure 3(f)).

5.2 Interpretability: How LLMs understand
KGs?

We find that separators play an important role in the LLMs’
understanding of KG. To further investigate, we conduct
quantitative and qualitative experiments. We use t-SNE
(Van der Maaten and Hinton 2008) to search patterns in the
information flows of the LLM and whether there are mech-
anisms associated with separator types.

From Figure 5, the separators (L, R, and M/O) are clus-
tered in different groups (in most cases, M and O are the
same token), while the different types of entities (Eh, Er,
and Et) are not well separated, which suggests that the model
has special information flow routes in processing these sep-
arators with completely different mechanisms than handling
entities in triples.
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Figure 5: t-SNE of vectorized contribution weights on 100
random samples, colored by token types. L, R, O, and M are
separators. Eh, Et and Er are entities and relations in triples.
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Figure 6: The normalized contribution weights of attention
heads and FFN in each layer, colored by different input to-
ken types.

Following previous studies to find circuits (Ferrando and
Voita 2024), we calculate the contribution weights of atten-
tion heads and FFN in each layer. In Figure 6(a), we find the
separators, entities, and words activate different heads, sug-
gesting that the model can distinguish and process them with
different components. Notably, the FFN weights vary con-
siderably, with entities and separators having low weights
while words have high weights in the middle layer, indicat-
ing that the model utilizes different mechanisms for process-
ing general sentences and KGs. Moreover, different types
of separators also activate different heads, and some heads
are activated by more than one type of separator (Figure
6(b)). This suggests that there are specialized heads within
the model to handle different types of separators. We also
note that these heads usually appear in the lower layers of
the model, where the model mainly processes inputs and ex-
tracts information. The FFN block exhibits high activation
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in the bottom and top layers and low in the middle layer,
which is consistent with the case in Figure 4(c), suggesting
that some separators have the BOS feature for summarizing
previous information rather than introducing new informa-
tion.

5.3 Usability: How to use KGA to improve
KG+RAG?

This section studies how to use KGA to improve the
KG+RAG performance. According to our findings in the
graph transformation phase, the centrality of sub-KG is
strongly correlated to the generation performance. As shown
in Table 2, improving the centrality by adding reverse edges
and a virtual global node can improve the performance,
showing the effectiveness of the graph transformation phase
and graph features. However, many methods overlook this
phase in the design of RAG systems.

We find the factors in the linearization phase are combin-
able, which means using two optimal methods simultane-
ously usually remains optimal (more in Appendix). Based on
this property, we locate and combine the optimal method for
each factor, which considerably improves the performance
of the KG+RAG task (Table 2).

. Models
Combinations
Llama-2-7b Llama-3-8b ChatGPT GPT-4o
base 72.25 77.40 76.12 87.54
w/ reverse_edges  68.24 88.20 77.51 88.93
w/ global_node 72.73 84.01 78.55 87.54
w/BF 72.25 77.40 79.58 87.89
w/BO 78.41 78.20 79.93 89.62
w/ BT 78.24 82.32 77.85 88.93
w/ BF+BO 78.24 78.20 75.09 91.00
w/ BF+BT 78.24 82.32 79.58 88.58
w/ BO+BT 81.90 82.80 75.77 88.58
w/ BF+BO+BT  83.22 82.80 75.09 91.35

Table 2: Results of the four models with different combina-
tions of factors on the GraphextQA test set. BF, BT, and BO
are the best formats, templates, and orders for each model.

6 Conclusion

In this paper, we highlight the problem of KG Alignment
with LLMs (KGA) and systematically explore the KGA
as a critical part of KG+RAG. We subdivide it into graph
transformation and linearization phases, exploring 81 graph
features, 13 formats, 13 orders, and 14 templates across
15 models, 3 datasets, and 2 enhancement tricks, totaling
more than 3,500 experiments. From these results, we iden-
tify key factors in KGA and their effects. For interpretabil-
ity, we find a unique mechanism for LLMs to understand
KGs. For usability, we show that optimizing KGA effec-
tively improves the performance of KG+RAG by 7.3% on
average. We believe that our work not only provides an in-
depth and systematic study of the KGA problem to fill the
gap in KG+RAG but also opens up new directions for en-
lightening more powerful KG+RAG designs.
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