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ABSTRACT

Large Language Models (LLMs) have demonstrated significant advancements in
various natural language processing tasks, yet they often struggle with tasks that
require external domain-specific knowledge, such as Multiple Choice Question
Answering (MCQA). Integrating Knowledge Graphs (KGs) with LLMs has been
explored as a solution to enhance LLMs’ reasoning capabilities, while existing
methods either involve computationally expensive finetuning processes or rely on
the noisy retrieval of KG information. Recent efforts have focused on leveraging
Graph Neural Networks (GNNs) to generate KG-based soft prompts for LLMs,
which face challenges of lacking question-relevance assessment in GNN and uti-
lization of relations among options. In this paper, we propose a novel approach,
QAP, to address these challenges by optimizing the utilization of KG in MCQA
tasks. Our method introduces question embeddings into the GNN aggregation pro-
cess, enabling the model to assess the relevance of KG information based on the
question context. Additionally, QAP facilitates inter-option interactions by em-
ploying an attention module that explicitly models relationships between answer
options. Specifically, we use multiple attention heads for the GNN output, allow-
ing the model to capture and compare features across different options, thereby
enhancing cross-option reasoning. Our approach not only enhances the connec-
tion between GNNs and LLMs but also enables the model to better utilize the re-
lationships between answer options. Experimental results demonstrate that QAP
outperforms state-of-the-art models on multiple public MCQA datasets, validating
its effectiveness and scalability.

1 INTRODUCTION

In recent years, pretrained Large Language Models (LLMs) (Brown et al., 2020; Touvron et al.,
2023)) have made significant strides in natural language processing (NLP) tasks (Wei et al., [2022b;
Cohen et al.| 2024} Chen et al.|[2024). Leveraging vast amounts of data and computational resources,
LLMs have demonstrated remarkable performance in tasks such as language generation (Cheng
et al.|[2023)) and text comprehension (Lewis et al.,[2020). However, despite their impressive achieve-
ments, LLMs still face challenges when it comes to tasks that require domain-specific knowledge
or external information (Zheng et al.| 2023} |Wang et al., 2023). A typical example is the Mul-
tiple Choice Question Answering (MCQA) task, where the correct answer may rely on complex
background knowledge that goes beyond what LLMs have learned from pretraining corpora (Asai
et al., [2024). To address this limitation, researchers have started exploring ways to integrate exter-
nal knowledge bases, such as Knowledge Graphs (KGs), into LLMs to enhance their reasoning and
answering capabilities (Jiang et al.| 2024} Sun et al., [2024).

Several existing studies have proposed to leverage KGs for assisting LLMs in answering ques-
tions (Jiang et al.l [2023b; Ma et al., 2024). Some approaches incorporate KG information directly
into the training or finetuning process of LLMs (Zhang et al., [2019; Wang et al, |2021). For in-
stance, K-Adapter (Wang et al.,|2021) introduces entity and relation knowledge during model train-
ing, leading to improved performance in knowledge reasoning tasks. However, such methods re-
quire retraining or finetuning the LLMs, which is computationally expensive and challenging to
scale in resource-limited environments. Another class of methods retrieves relevant information
from KGs and appends it to the LLM input, enabling the model to utilize this information during
inference (Baek et al. [2023; [Luo et al., |2024). While these approaches avoid finetuning, the re-
trieval quality is often suboptimal, especially when the retrieved KG content is not semantically
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aligned with the question. This misalignment introduces noise and degrades the quality of gener-
ated answers (Xu et al.,|[2024). More recently, researchers have proposed to combine the benefits of
finetuning and retrieving by utilizing KG-based soft prompts (Lester et al., | 2021; |Q1n et al., [2021).
KG-based soft prompts are lightweight and flexible input prefixes obtained from KGs using Graph
Neural Networks (GNNs), which can guide LLM’s output. However, existing KG-based soft prompt
methods face two major limitations. First, GNNs lack incorporation of the target question, making it
difficult for GNNs to assess the relevance of KG information to the question, leading to suboptimal
information utilization. Second, existing methods for MCQA generate soft prompts for each answer
option independently, without considering the relationships between different options. In practice,
such relationships can help jointly evaluate all options and exclude incorrect options, ultimately

reaching the correct answer.

To overcome these challenges, we propose a ———————
novel method, QAP (Question-Aware Knowl- |LLM-only | | Whatanimal cats plants? .
. . A: eagles B: robins
edge Graph Prompting), which generates KG- | C:owis D: leopards ,_’
based soft prompts for LLM reasoning on
: Con- Finetuning | ———— @
MCQA tasks in a Question Aw.are. manner. Qur on Ko What animal cats plants? \finetune
approach addresses the first limitation by in- ’ A: eagles B: robins @
corporating question embeddings into the GNN \_ C:owlsD:leopards ™ =
aggregation process, enabling the model to bet- ;
gereg P > g . . KG Prompt —Ietriever | Evidence: {robins, eat, plants}
ter assess the relevance of KG information t0  [Regrieval | >—
: N . > |
the question context. This improves the the W:a‘ ““‘lma:‘“sb?lams‘ .
eqe . . . . eagles b: robins
model’s utilization of the KG information and | Crowls D: lopards ,_'
creates a stronger connection between the GNN
and the question text. For the second limitation, | GNN Soft ﬁ@ NN I soft prompt
I Option A . h Prompts —_———
we propose an Inter-Option Attention mecha- What animal eats plants? 1
nism that allows for interactions among differ- A: eagles B: robins ‘ 6'
ent answer options by mapping the GNN node C: owls D: leopards =
representations to multiple option sequences
P . p P ! . QAP [T soft prompt
encouraging the model to leverage the relation- ]
ships between these options. This approach is (hatanimalleatplastsy ’
icularly b fcial i h individ A: eagles B: robins @ @
particularly beneficial in cases where individ- C: owls D: leopards, | — (&

ual option evaluation is difficult, while in con-
trast, considering all options together provides
a clearer decision boundary. We present the
comparison of different methods in Figure

Figure 1: The landscape of existing methods for
MCQA and our proposed method QAP. QAP uti-
lizes our designed Question-Aware Neighborhood
Aggregation (QNA) and Inter-Option Attention

The contributions of our work can be summa- (IPT) modules to preform MCQA.

rized as follows:

* We study the challenges of KG-based soft prompt methods for MCQA associated with the lack
of question-relevance assessment in GNN and the omission of relations among options.

* We propose QAP, a novel method for addressing the challenges of utilizing KG information in
MCQA tasks. Our approach provides the question-relevance assessment in a Question-Aware
Neighborhood Aggregation module (QNA) and uses an Inter-Option Attention module (IPT) to
generate soft prompts, effectively leveraging the information from questions and options to im-
prove the overall reasoning in MCQA.

* Experimental results show that QAP surpasses current state-of-the-art models across multiple
public MCQA datasets, confirming its effectiveness and demonstrating its superiority in tackling
domain-specific reasoning tasks.

2 PROBLEM FORMULATION

In this section, we introduce the task of Multiple Choice Question Answering (MCQA) based on
knowledge graphs. We aim to answer a question g by selecting one of the n answer options from
the candidate set A = {ai|k = 1,2,...,n}. This is performed with the assistance of a knowledge
graph G = (£,R,T), where £ and R are sets of entities and relations, respectively, and 7 =
{(h,r,t)|h,t € E,r € R} is the set of knowledge triplets, each containing a head entity h, a relation
r and a tail entity ¢. We utilize a pretrained large language model denoted as LM to generate the
final answer to the question ¢, which is the input.
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Figure 2: Overview of our proposed framework QAP. The framework consists of: (1) Subgraph
Retrieval, where contextualized subgraphs from the KG are extracted based on the question and
answer options; (2) Question-Aware Neighborhood Aggregation (QNA), where the KG is processed
with neighborhood aggregation influenced by the question context; (3) Inter-Option Attention (IPT),
which refines the node representation output by QNA via aligning KG information using token
embeddings and attentions across options. Finally, the refined embeddings, i.e., the soft prompts,
are used to guide the LLM in predicting the correct answer.

3 QAP

In this section, we introduce the details of our proposed framework QAP. As presented in Figure [2]
QAP is structured into three phases: (i) Subgraph Retrieval, (ii) Question-Aware Neighborhood Ag-
gregation (QNA) and (iii) Inter-Option Attention (IPT). During the Subgraph Retrieval phase, we
extract a contextualized subgraph from the KG, containing the information relevant to the ques-
tion and each answer option. In the Question-Aware Neighborhood Aggregation phase, we utilize
a specialized GNN, where the aggregation process is impacted by the question, allowing the sub-
graph processing to generate outputs that are more closely aligned with the query. Finally, in the
Inter-Option Attention phase, we employ an attention module to capture the relationships between
different options and transfer the output of the GNN into a form that is easier for LLM to understand
and process. The outputs of IPT serve as soft prompts to guide LLMs. Notably, the entire framework
is optimized in an end-to-end manner and no intermediate training objective is needed.

3.1 SUBGRAPH RETRIEVAL

To effectively utilize and retrieve the useful information in the KG that is relevant to the given
question, we extract the contextualized subgraphs of the questions to reduce the size of the KG used
while capturing useful data. Specifically, for an answer option ay, we first establish the set of all
entities in G that appears in the question ¢ and answer option ay, denoted as 85. We then extract the
N-hop neighbors and the relation connecting them as the contextualized subgraph of ay, denoted as
Q(’; (Yasunaga et al.,[2022). This contextualized subgraph contains the necessary information that is

potentially helpful for determining whether the option ay, is correct for the given question q.

3.2 QUESTION-AWARE NEIGHBORHOOD AGGREGATION

After obtaining the contextualized subgraphs during the Subgraph Retrieval phase, we introduce
a Question-Aware Neighborhood Aggregation mechanism (QNA) within each subgraph G*, guided
by the question embedding given by LLM. The goal is to generate node representations that not only
capture the structural properties of the KG but also emphasize the triplet relevant to the question g,
thus making the final output more compatible with the question.
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Question-Aware Attention Mechanism. QNA uses a specialized GNN involving question-
relevance assessment. In this model, an attention mechanism is employed to incorporate the rel-
evance between knowledge graph entities and the question ¢ to the aggregation weight. To enhance
the model’s capacity to focus on different parts of the node features, we use a multi-head attention
mechanism in the model.

Let X € R¥**ds denote the node feature matrix for the subgraph G*, which is initially the pre-
trained entity embeddings. NN, is the number of nodes in Q(’j and d is the feature dimension. The
question ¢ is encoded into an embedding q € R% by LM, which is used to guide the attention

mechanism within the Question-Aware Neighborhood Aggregation. d; is the dimension of the em-
beddings of LM.

In a layer of GNN, specifically, for each neighboring node pair (7, j) within the subgraph G*, we
compute attention over H different heads. We denote Qf = W'éXZ- and K;‘ = WLX; are
respectively the query and key vectors for nodes ¢ and j in the h-th head, with X;, X; being the
feature vector of node 7, j in the current GNN layer. Here, Wg and W are respectively the
learnable weight matrices for the query and key transformations in the h-th head. For the h-th
attention head, we have three attention components, al(.jl.)h, ag_)h, and al(.?)h, which are computed as
follows, where dj, is the dimension of the key vectors for each head: 7

¢ Node-to-Node Attention:

h . Ych
o _ Q' -Kj
ot = ) (1
ij,h /dk
¢ Question-to-Node Attention:
h Ych
@ _ Qi Kj
o = , (2)
ij,h /*dk

where QZ =W’ gq is the query vector derived from the question embedding q in the A-th head.
¢ Node-to-Question Attention:

h . Kh
o Ky 3)
RV
where KZ =W’ }}(q is the key vector derived from the question embedding q in the h-th head.
1h 1h : : RINE) ®3)
Here W', and W'} are learnable weights. The attention components «;; 7, , a;7%,, and o, are

then weighted summed and applied to softmax:

1 2 3
iz = (1 - 2y)al)), +val), + 70l “4)

G = exp(ij,n)
T exp(an)
where v € (0,0.5) is the weight for the impact of the question on aggregations. The attention output
for each head is then computed as:

(&)

Zh = Z a;;n VY, where VI = WX, (©)
JEN (D)

Here W{} is the learnable weight for the value transformation in the h-th head. Finally, the outputs
from all heads are concatenated and linearly transformed to update the node feature of the ¢-th node:

X =Wo [Z]|Z]] ... |Z]'] + X, @)

where W is the learnable weight and || denotes concatenation. X/, is used as the input feature in the
next GNN layer. These node representations in the final GNN layer, enriched with both structural
and question-relevant information, are used in subsequent phases to generate soft prompts for the
LLM. The process of using these node presentations to assist the LLM in answering the question
will be detailed in the following section.
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3.3 INTER-OPTION ATTENTION

In this subsection, we describe the Inter-Option Attention (IPT) mechanism. IPT incorporates the
relationships among different options to soft prompt generating and transforms the output of QNA
into a form that is more interpretable by the LLM. The idea is to align the GNN node representations
from each contextualized subgraph with the token embeddings of all options along with the question,
which contain text information interpretable by LLM across all options.

Cross-Option Node-Token Attention. After processing each subgraph G (’1“ through QNA, we ob-

tain node representations for each node in the subgraph. Let H;, € Rx*9s denote the node repre-
sentations for the subgraph corresponding to the answer option aj. Additionally, for the question ¢
and its n answer options, we construct n different sequences T, To, ..., T,,, where each sequence
T, is a concatenation of the of token embeddings from question ¢ and the r-th answer option a,..
We denote T,, = {T,1,T,2,..., Ty m}, where m is the number of tokens in T, and each token
embedding T, € R%, with d; as the token embedding dimension. To ensure compatibility be-
tween the node and token embeddings, we first project these embeddings into the same dimensional
space using a linear transformation. For the ¢-th node in Hy, and the s-th token in T,.:

/ P WPng,’iv T;,S = WP,,TT,S; (8)

where Wp and W p, are the projection matrices. Next, we perform an attention operation where
each node embedding serves as the query, and the token embeddings T;.,s serve as both the keys and
values. For each answer option ay, we use n separate attention heads. Each head corresponds to one
of the n token embedding sequences. Specifically, for the r-th head, the attention between the ¢-th
node embedding and the s-th token embedding is computed as follows:

H) T,
exp (e )
m H;c,i.T:yu ’
2 u=1 €XP (W)

where ﬁg) represents the attention weight between node ¢ in subgraph g{; and token s in the r-th

5(7’)

€))

text sequence. The resulting attention weights ﬂi(:) are then used to compute a weighted sum of the
token embeddings for the r-th head, yielding a new representation for each node:

(r) Z B(T)T/ (10)
Finally, the outputs from all n heads are concatenated as the final representation for each node:
= Wo, [ AL (Y] (an

Here Wy, is the output weight matrix. This process converts each node embedding into a distri-
bution that not only approximates the token embedding space, but also incorporates information
from multiple text sequences corresponding to different answer options. This enables the model to
leverage inter-option relationships during the decision-making process.

Soft Prompt Construction. Once we have transformed the node representations of each subgraph
Qg into the token space, we perform a pooling operation to aggregate embeddings across all nodes
in the subgraph. This pooling operation generates a single embedding for each subgraph:

fj, = Pooling ({H;” li=1,2,.. .,Nk}) . (12)

Given that there are n answer options, this process results in n pooled embeddings, one for each
subgraph. These n embeddings are then prepended to the original token embeddings of the question
to form the soft prompts:

Sp:{hlah27--~7hn}~ (13)
The resulting sequence S,, serves as the soft prompts appending to the input to the LLM, guiding the
LLM to produce an output that is more aligned with the knowledge provided by the KG and tailored
to the specific question. The final LLM output is then used to determine the correct answer option.
This attention-based transformation effectively bridges the gap between the structured information
in the KG and the sequential processing of the LLM and enriches the prompt with inter-option
attention, enabling a more contextually aware generation of answers.
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4  OPTIMIZATION

The optimization of our proposed framework QAP is focused on aligning the LLM’s output with the
correct answer. Let y denote the ground truth text associated with the correct answer option. The
loss function used to optimize the QAP model is the cross-entropy loss as:

L=—-logP(y|S,+ Q+A). (14)

Here Q, A represent the token embeddings of the question ¢ and all options a1, as, - - - ,a,. This
loss function is used to adjust the parameters of the Question-Aware Neighborhood Aggregation
and the Inter-Option Attention module in an end-to-end manner while keeping the LLM parameters
frozen. By minimizing the cross-entropy loss, the QAP model learns to produce outputs that are
increasingly aligned with the ground truth text, thereby improving its ability to generate soft prompts
that can effectively guide the LLM to generate the correct textual output based on the information
provided by the knowledge graph and the associated question context.

5 EXPERIMENTS

In this section, we introduce the experiments conducted on three datasets of MCQA tasks to demon-
strate the effectiveness of the proposed method QAP. We also give an ablation study to evaluate each
module of QAP, and a case study to show the performance of QAP. A parameter study on +y is shown

in Appendix[A.3]
5.1 DATASETS

We evaluate our model on both general domain and biomedical domain MCQA datasets, utiliz-
ing different knowledge graphs for each domain. For the general domain, we use OBQA (Open-
BookQA) (Mihaylov et al) |2018) and Riddle (RiddleSense) (Lin et al., |2021) with Concept-
Net (Speer et al.l [2017) as the background knowledge graph. For the biomedical domain, we test
QAP on MedQA (MedQA-USMLE) (Jin et al., 2021) dataset with KG Unified Medical Language
System (UMLS) (Bodenreider| 2004). We introduce these datasets in Appendix [A.T]

5.2 BASELINES
We compare the performance of our proposed method QAP with the following five baselines:

¢ LLM (LLM-Only): This baseline uses the Large Language Model directly to answer the ques-
tions, without any additional prompt enhancements or external knowledge integration.

¢ PE (Prompt-Enhanced LLM): In this method, we utilize the same LLM but with designed
prompts to guide the model’s reasoning. These prompts are crafted to better align with the specific
requirements of the question.

* KGEP (KG Evidence Prompting) (Baek et al., 2023} [Liu et al.| 2024)): This approach incorpo-
rates Knowledge Graph triplets into the prompt. A decoder first ranks the similarity between KG
triplets and the given question, selecting the highest-scoring triplets as evidence. These triplets
are then added to the prompt to aid the LLM in generating a more informed answer.

¢ SP (Soft Prompting) (Lester et al., [2021): We train soft prompts without utilizing any external
KG information. These soft prompts assist the LLM in generating answers and the knowledge
comes solely from the pretrained language model without external knowledge.

* GNP (Graph Neural Prompting) (Tian et al.,2024): GNP uses a graph neural network to encode
KG information into the LLM’s prompts. GNP consists of a GNN encoder, a cross-modality
pooling module, and self-supervised link prediction to better incorporate KG knowledge into the
language model as soft prompts.

5.3 EXPERIMENTAL SETTINGS

We implement our method with the 3B and 11B parameter versions of the Flan-T5 model (Wei et al.|
2022a)) as the large language models. The model performance is evaluated using accuracy. More
implementation details are shown in Appendix
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Table 1: Comparison between the accuracy(%) and standard deviation(%) over QAP and baselines
on the tasks on the three datasets. The best and second-best results are respectively shown in bold
and underlined.

Flan-T5 (3B) Flan-T5 (11B)
OBQA Riddle MedQA OBQA Riddle MedQA

Method

LLM | 73.60£0.10 55.29£0.20 34.25+0.04 | 80.40£0.10 66.08+£0.10 39.28+0.08
PE 75.00+0.50 55.88+0.49 34.49+0.20 | 83.20+0.30 65.29£0.20 39.67£0.24
KGEP | 73.00+£0.60 48.43+1.18 30.56+0.47 | 78.00£1.00 61.37+1.18 34.4140.50
SP 75.60+0.40 54.31£0.59 34.33+0.31 | 84.60£0.20 65.29+£1.57 39.28+0.08
GNP | 76.20+0.80 57.064+0.98 34.01£0.55 | 85.40+0.80 67.84+0.78 39.91+0.63
QAP 82.00+0.50 68.82+£0.20 38.57+£1.02 | 88.20+£0.60 77.06£0.39 44.30+£0.47

5.4 RESULTS AND ANALYSIS

In this section, we present the performance of QAP, in comparison to various baselines across the
three datasets. The overall performance of QAP and the baselines are presented in Table [I] Our
method consistently outperforms the baselines on both the general domain (OBQA and Riddle) and
the biomedical domain (MedQA).

QAP shows improvements on OBQA, which relies more on direct factual recall from elementary-
level science concepts. This may already be well captured by the LLM itself, reducing the potential
benefit from external KG integration. However, QAP still demonstrates the effectiveness of incor-
porating structured knowledge and multi-head attention mechanisms to enhance reasoning in these
cases. Specifically, QAP outperforms the best baseline by 7.61% with the 3B LLM and 3.28% with
the 11B LLM. For Riddle, which requires complex commonsense reasoning, the inclusion of Con-
ceptNet and our QNA mechanism enabled better extraction and utilization of relevant knowledge
to solve riddles. The ability of IPT to model relationships between options also contributed to im-
proved reasoning, as our method can better infer the correct answer by comparing options against
one another. Here, the performance gains were more substantial, with improvements of 20.61% for
the 3B LLM and 13.59% for the 11B LLM over the baseline. On MedQA, the use of UMLS as a
knowledge graph proved critical. Medical questions often require highly specialized knowledge, and
by leveraging UMLS through our method, the model could access domain-specific information not
present in standard language models. This integration allowed QAP to better interpret the biomedi-
cal context of questions, leading to an improvement of 11.83% with the 3B LLM and 11.00% with
the 11B LLM.

These results highlight the importance of leveraging question-aware external structured knowledge
and modeling inter-option relationships for enhancing the reasoning capabilities of large language
models, particularly in complex domains such as biomedical reasoning.

5.5 ABLATION STUDY

We perform three ablation studies to evaluate the contribution of key components in our model,
shown in Table [2| First, we remove the Question-Aware Neighborhood Aggregation component
(QNA) by excluding the question embeddings and using only KG embeddings for aggregation. This
results in a significant drop in accuracy, showing that incorporating question-specific information
is critical for guiding the GNN to focus on the most relevant knowledge from the KG. Second, we
remove the Inter-Option Attention mechanism (IPT). Without this component, the model is less ef-
fective at relating KG information to the question context and can not manage the relations between
different options, leading to a noticeable performance decrease. Finally, we evaluate the effect of
removing the multiple heads of aggregation in GNA, which reduces the model’s ability to capture
diverse perspectives from the KG. This leads to further declines in performance. Each of these
components is found to play a vital role in the overall performance of our model.
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Table 2: Experimental results of ablation studies. This table present the accuracy(%) of the studies
and standard deviation(%) on the three datasets. The best results are shown in bold, respectively.
Here “w/o QNA”, “w/o IPT” and “w/o MH” respectively represent the removal of QNA, IPT and
multiple heads.

Flan-T5 (3B) Flan-T5 (11B)

OBQA Riddle MedQA OBQA Riddle MedQA
QAP 82.004:0.50 68.8240.20 38.57-1.02 |88.20+:0.60 77.06--0.39 44.30--0.47
QAP w/o QNA | 75.60£1.00 63.5340.20 34.8741.18|84.40+1.10 68.0440.29 42.26--0.31
QAP w/o IPT [76.60-£0.90 63.73£0.29 35.19+1.26 | 82.40+0.80 66.67+0.39 42.7340.55
QAP w/o MH |76.40+1.20 63.9240.39 35.4240.86 | 85.0041.40 70.3940.59 43.05--0.24

Method

5.6 CASE STUDY

To further illustrate the effectiveness of QAP, we conduct a case study by selecting examples from
both the general domain (OBQA) and the biomedical domain (MedQA) to compare the next-token
prediction results between QAP and the baseline that only uses LLM. For each example, we an-
alyze the LLM’s predicted logits (i.e., the scores before applying softmax, represent the model’s
confidence for each token.) for the next token corresponding to each answer option (A, B, C, D).

In these examples, we find that when only the LLM is used, the highest-score token predicted by
the model does not correspond to the correct answer. However, when our method is applied, which
incorporates knowledge from KG through QNA and IPT, the correct answer token receives the
highest predicted score. This demonstrates the effectiveness of QAP in guiding the model toward
more accurate predictions. We present these results visually in Figure [3] In the figure, the scores
shift more favorably towards the correct answer when our method is used, further validating the
benefit of our method.

6 RELATED WORK

6.1 LARGE LANGUAGE MODELS AND QUESTION ANSWERING

Large Language Models, such as GPT-3 (Brown et al.,[2020) and Flan-T5 (Wei et al.| 2022a)), have
shown remarkable performance across various natural language processing tasks (Wei et al.,[2022b)),
including MCQA (Tian et al., 2024). However, LLMs still face limitations in reasoning tasks that
require access to factual knowledge beyond their pre-training corpus (Luo et al [2024). Several
approaches have been proposed to augment LL.Ms with external knowledge sources, such as knowl-
edge graphs, to enhance their factual accuracy and reasoning capabilities (Baek et al.| [2023). For
example, methods like Retrieval-Augmented Generation (RAG) have introduced mechanisms to
retrieve relevant information from external sources, including KGs, and incorporate it into LLM
inputs (Xu et al., 2024 [Shi et al.| 2024; |Wang et al., [2024)). While effective in some scenarios, these
approaches often struggle with noisy retrievals or insufficiently grounded knowledge, limiting their
impact on complex reasoning tasks.

6.2 KNOWLEDGE GRAPHS FOR ENHANCING QA

Knowledge graphs provide structured representations of entities and their relationships, making
them valuable resources for improving the reasoning abilities of LLMs in knowledge-intensive
tasks (Zhang et al., 2019; [Ma et al.| [2024; Jiang et al.| [2024). Prior work, such as QA-GNN (Ya-
sunaga et al.l [2021)), has demonstrated the effectiveness of using graph neural networks (GNNs) to
model the relationships within KGs and integrate these relationships into the question-answering
process. These approaches allow LLMs to reason over multi-hop knowledge, bridging gaps in
factual knowledge that are not readily accessible through text-based models alone (Jiang et al.,
2023bja). However, many existing methods treat KGs as static resources, retrieving specific facts
based on direct entity matches without fully leveraging the contextual relevance of knowledge to
the question (Sun et al., [2024). This limitation can reduce the potential of KGs to support deeper
reasoning tasks, such as commonsense or biomedical question answering.
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Question:

An ice cube placed in sunlight will?
Answer options:

A: shrink B: change color C: grow D: freeze

Prediction:
LLM: B X

Logits: {A: -0.90iB: 0.28 iC: -1.10iD: -2.43!

QAP: A 4
Logits: iA: 1.11 iB: -0.78iC: -1.20:D: -4.02:

Question:

An 11-month-old boy is brought to the physician for a
well-child examination. He is growing along with the
75th percentile and meeting all milestones. Physical
examination shows a poorly rugated scrotum. The
palpation of the scrotum shows only 1 testicle. A 2nd
testicle is palpated in the inguinal canal. The

meatus. The remainder of the physical examination
shows no abnormalities. Which of the following is the
most appropriate next step in management?

Answer options:

A: Chorionic gonadotropin therapy B: Exploratory
laparoscopy C: Orchiectomy D: Orchiopexy
Prediction:

LLM: B_X

Logits: A: 1.03iB: 2.11 {C:0.17iD: 122
QAP: D 4

LLM: D_X

Question:

A person can see?

Answer options:

A: aradio recording B: an emotion C: a written
message D: an abstract idea

Prediction:

Logits:{A; -0.65iB; -2.88i C: -0.23 D: 0.11}

QAP: C 4
Logits: iA: -5.30i B: -3.75 C: 1.56:D: -2.87

Question:

A 60-year-old man presents to the office for shortness of
breath. The shortness of breath started a year ago and is
exacerbated by physical activity. He has been working in
the glass manufacturing industry for 20 years. His vital
signs include: heart rate 72/min, respiratory rate 30/min,
and blood pressure 130/80 mm Hg. On physical exam,
there are diminished respiratory sounds on both sides.
On the chest radiograph, interstitial fibrosis with
reticulonodular infiltrate is found on both sides, and
there is also an eggshell calcification of multiple
adenopathies. What is the most likely diagnosis?
Answer options:

A: Berylliosis B: Silicosis C: Asbestosis D: Talcosis

Prediction:

LLM: D X

Logits: iA: -2.85:B: 1,04 iC: -1.42iD: 1.24 ;
QAP: B v

r
1

1

1

1

1

1

1

1 R . .
| examination of the penis shows a normal urethral
1
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1
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1

Logits: A: 0.90iB: 1.52 {C: 0.91 i D: 2.08} Logits: iA: -2.81i B: 1.71iC: -0.41{D: 1.08

Figure 3: Instances over QAP and LLM-only on both the general and biomedical domains. We list
the logits given by LLM and our method QAP. The instances present that QAP provides a more
accurate prediction. The correct answer and the option with the highest logit value are shown in red.

6.3 GNNSs AND SOFT PROMPTS FOR KG INTEGRATION

Recent advances in integrating GNNs with LLMs have introduced the use of GNNs to generate soft
prompts (Lester et al.,[2021; Fang et al., 2023)), and guide the LLM’s reasoning process by encoding
KG information directly into the model’s input. For instance, Graph Neural Prompting (GNP) (Tian
et al., 2024) incorporates a GNN to learn from KG data and produce neural prompts that enhance
the LLM’s performance on both commonsense and domain-specific reasoning tasks. GNN-based
approaches, however, often rely on static KG structures and fail to incorporate the question directly
into the KG aggregation process (Pan et al., 2024} [Zhang et al.l 2022). This lack of interaction
between the question and KG during the aggregation phase can result in suboptimal utilization of
the KG, especially for questions requiring nuanced reasoning.

7 CONCLUSION

In this paper, we proposed a novel approach, QAP, to enhance the performance of Multiple Choice
Question Answering (MCQA) tasks by integrating Knowledge Graphs with Large Language Mod-
els. Our method addresses two key challenges in existing approaches. First, we introduced a
Question-Aware Neighborhood Aggregation (QNA) mechanism that incorporates question embed-
dings into the aggregation process of GNNs, improving the model’s ability to assess the relevance
of KG information based on the question context. This allows the GNNs to focus on the most rel-
evant knowledge for answering the question to capture useful information. Second, we designed a
novel attention mechanism, IPT, enabling inter-option interactions. By utilizing multi-head attention
where each head attends to a different answer option, we allowed the model to leverage the relation-
ships between the answer options. This strategy improves the model’s ability to eliminate incorrect
options and enhance overall performance. Our method was evaluated on three MCQA datasets of
two domains, and experimental results demonstrated that QAP outperforms state-of-the-art models,
validating its effectiveness and scalability. We believe that integrating structured external knowledge
with LLMs through attention and interaction mechanisms will continue to be a promising direction
for advancing question answering systems.
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A APPENDIX

A.1 DATASETS

In this subsection, we introduce the data we use to evaluate the proposed method QAP.

¢ OBQA (OpenBookQA) (Mihaylov et al., [2018): A QA dataset focuses on open-book science
questions that require reasoning with facts from a set of elementary-level science concepts. This is
a 4-way MCQA task containing 5,957 elementary science questions. We use ConceptNet (Speer
et al.| 2017) as the background knowledge graph to provide external knowledge for reasoning.

* Riddle (RiddleSense) (Lin et al., 2021): A dataset designed for commonsense reasoning, where
the questions are riddles that require higher-level reasoning skills. It is a 5-way MCQA task
testing complex riddle-style commonsense reasoning with 5,715 questions. We use Concept-
Net (Speer et al., 2017) as the knowledge graph to support the reasoning process.

e MedQA (MedQA-USMLE) (Jin et al., 2021): A QA dataset in the biomedical domain that con-
tains questions from the United States Medical Licensing Examination (USMLE). It is a 4-way
MCQA task containing 12,723 United States Medical License Exam questions. For this dataset,
we use the Unified Medical Language System (UMLS) (Bodenreider, |2004) as the knowledge
graph to provide domain-specific biomedical knowledge.

* ConceptNet (Speer et al., [2017): ConceptNet is a general-domain knowledge graph represent-
ing general human knowledge in the form of semantic relationships between words and phrases
(concepts), containing 799,273 nodes and 2,487,810 edges.

e UMLS (The Unified Medical Language System) (Bodenreider, [2004): UMLS is a biomedical
knowledge graph developed by the U.S. National Library of Medicine, containing 9,958 nodes
and 44,561 edges. It integrates multiple medical terminologies and ontologies into a single struc-
tured resource. UMLS is particularly valuable for domain-specific tasks where general language
models lack sufficient expertise in biomedical knowledge.

A.2 IMPLEMENTATION DETAILS

We implement our method using PyTorch, with the 3B and 11B parameter versions of the Flan-T5
model (Wei et al.|[2022a)) as the large language models. For the general domain datasets (OBQA and
Riddle), we use ConceptNet as the knowledge graph, and for the biomedical dataset (MedQA), we
use UMLS. Contextualized subgraphs are extracted from these KGs including the two-hop neighbors
of entities appearing in the question and options to assist in answering questions.

The GNN model in QNA consists of 3 layers with v = % followed by the attention module ITP.
Soft prompts, with a size of 2048/4096 on different LLMs, are trained end-to-end to enhance LLM
performance. We use the AdamW optimizer (Loshchilov & Hutter, 2018) and a learning rate of

5 x 1075 for both the 3B and 11B models. Model performance is evaluated using accuracy.

We provide the source code and the datasets at https://anonymous.4open.science/r/
QAP-13AC.

A.3 PARAMETER STUDY

To analyze the impact of the weight distribution among the components in our Question-Aware
Neighborhood Aggregation module (QNA), we conducted a parameter study on Flan-T5 (11B) by
varying the weight distribution among the three key components in the aggregation process: Node-
to-Node, Question-to-Node, and Node-to-Question. In this study, we adjusted the weight distribu-
tion using the parameter . The weight distribution is (1 — 2) for Node-to-Node, and v for both
Question-to-Node and Node-to-Question, which are question-related interactions.

We evaluated the effect of v on both OBQA and MedQA datasets, representing the general and
biomedical domains, respectively. The results, shown in Figure[d] indicate that the optimal value of
v differs slightly between the two domains. For OBQA, the model achieves its best performance
with ~ around 0.2, whereas for MedQA, the optimal ~ is closer to 0.4.
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In both cases, the results suggest that a balance between Node-to-Node and question-related inter-
actions is crucial for optimal performance. When ~ is set too low, the model over-relies on Node-
to-Node interactions, failing to fully capture the relevance of the question to the knowledge graph,
which is particularly important for complex reasoning tasks. Conversely, when -y is set too high,
giving excessive weight to question-related interactions, the model loses the structural information
inherent in the knowledge graph, which is essential for retaining factual consistency.

For general-domain datasets like OBQA, giving 89 44.0
slightly more emphasis to the Node-to-Node in- N
teractions helps retain important structural in- < 881 L4355 é
formation from the knowledge graph, which g T
aligns with the nature of the questions that of- O 871 =
ten require factual recall. These questions tend > 143.0 5,
to focus on basic scientific concepts, and re- © 861 §
taining the KG’s structural integrity allows the § L4252
model to effectively leverage the factual re- < 85 —e— OBQA &
lationships between entities. In contrast, for —— MedQA
biomedical-domain datasets like MedQA, in- 64 00 01 02 03 04 0:542'0

creasing the weight on question-related inter- v

actions enhances the model’s ability to lever- Figure 4: Effect of varying ~ on model perfor-
age the question context for more complex, mance for OBQA (general domain) and MedQA
domain-specific reasoning. Biomedical ques- (biomedical domain). Results suggest that a bal-
tions often involve intricate relationships and anced combination of structural and question-
specific terminology, where aligning the KG in-  context information is crucial for optimal reason-
formation with the question context becomes ing across different domains.

crucial for accurate reasoning. As a result, in

MedQA, the best performance is observed when -y is set to about 0.4, giving more weight to the
question-related components of the GNN aggregation, and allowing the model to focus more on
question-specific entities and their relationships.

A.4 LIMITATIONS

While our proposed method demonstrates significant improvements in Multiple-Choice Question-
Answering (MCQA) tasks by integrating knowledge graphs and leveraging Question-Aware strate-
gies, several limitations still remain. First, our approach relies heavily on the quality and complete-
ness of the external knowledge graph. In domains where the KG is sparse or lacks coverage, such as
less-studied areas or questions involving uncommon entities, the model’s performance may degrade.
Moreover, our method does not explicitly handle cases where external knowledge is ambiguous or
conflicts with the question context, potentially leading to confusion in the model’s final predictions.
Second, the computational complexity of our design can lead to increased inference time, making it
less suitable for real-time applications or deployment in resource-limited environments.

A.5 ETHICS STATEMENT

Our work focuses on improving the performance of large language models for Multiple-Choice
Question Answering by integrating structured knowledge from knowledge graphs. While our
method enhances the factual accuracy and reasoning capabilities of LLMs, we acknowledge sev-
eral ethical considerations. First, the use of external knowledge sources such as knowledge graphs
introduces potential biases inherent in the data. Knowledge graphs may reflect the biases of their
creators, including historical, cultural, and societal biases, which could inadvertently affect the fair-
ness and neutrality of the model’s predictions. Second, in sensitive domains such as healthcare (e.g.,
MedQA), the reliance on imperfect knowledge graphs may lead to incorrect or harmful predictions,
especially in situations where the information in the KG is outdated or incomplete. This underscores
the importance of validation and continuous updating of the external knowledge sources used by the
model. We are committed to promoting fairness and effectiveness in Al, and we encourage the
responsible use of our method, particularly in high-stakes applications.
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