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Abstract: Knowledge selection plays a crucial role in knowledge-driven dialogue generation meth-
ods, directly influencing the accuracy, relevance, and coherence of generated responses. Existing
research often overlooks the handling of disparities between dialogue statements and external knowl-
edge, leading to inappropriate knowledge representation in dialogue generation. To overcome this
limitation, this paper proposes an innovative Multi-hop Reasoning Knowledge Selection Module
(KMRKSM). Initially, multi-relational graphs containing rich composite operations are encoded to
capture graph-aware representations of concepts and relationships. Subsequently, the multi-hop
reasoning module dynamically infers along multiple relational paths, aggregating triple evidence to
generate knowledge subgraphs closely related to dialogue history. Finally, these generated knowl-
edge subgraphs are combined with dialogue history features and synthesized into comprehensive
knowledge features by a decoder. Through automated and manual evaluations, the exceptional
performance of KMRKSM in selecting appropriate knowledge is validated. This module efficiently
selects knowledge matching the dialogue context through multi-hop reasoning, significantly enhanc-
ing the appropriateness of knowledge representation and providing technical support for achieving
more natural and human-like dialogue systems.

Keywords: knowledge selection; dialogue generation; knowledge selection; human—computer
interaction

1. Introduction

Knowledge selection plays a vital role in knowledge-driven dialogue generation
methods, significantly influencing the accuracy, relevance, and coherence of the produced
responses. Faced with a vast and diverse array of knowledge triples in external knowledge
graphs, dialogue generation models need to precisely filter and integrate information.
However, when external knowledge becomes overly intricate, models often struggle to
make appropriate knowledge selections, leading to responses that contradict dialogue
history or external knowledge, or are difficult to verify for accuracy. This study employs
existing dialogue generation models to verify whether the model produces inaccurately
expressed responses. As illustrated in Figure 1 [1], the model confuses the experiences
and attributes of two distinct individuals. Similar issues have been observed in ChatGPT,
prompting OpenAl to rely heavily on user feedback to rectify such problems, a time-
consuming and labor-intensive process. Thus, enhancing the quality of dialogue generation
through improved knowledge selection methods is imperative.
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® : ”
a ‘What do you think about Murray?
I think Murray is a great player he just needs to stay ®
healthy in order to complete more. Who do you like P9
best?
Knowledge:

In tennis, the term Big Four refers to the quartet of men’s singles
players comprising Roger Federer, Rafael Nadal, Novak Djokovic,

and Andy Murray.
[ ] I like Djokovic. He has played in the top
ah ten singles plays of the word

Figure 1. The problem of inappropriate knowledge representation [1].

Previous research indicates that inappropriate knowledge representation in dialogue
generation models can be addressed through useful knowledge retrieval [2], control algo-
rithms [3], and post-generation processing [4]. However, these studies have not focused on
resolving the gaps between dialogue statements and external knowledge information. In
this paper, we introduce a Multi-hop Reasoning Knowledge Selection Module (KMRKSM),
which uses multi-hop reasoning on external knowledge graphs as a knowledge selection
module to address issues of inappropriate knowledge representation in knowledge-driven
dialogue generation models. This module extends concepts from dialogue history into
subgraphs, using them as foundations for commonsense knowledge. It begins by encoding
multi-relational graphs with composite operations to obtain graph-aware representations
of concepts and relationships. Then, the multi-hop reasoning module dynamically infers
by aggregating triple evidence across multiple relational paths, generating knowledge
subgraphs closely related to the dialogue history. Finally, these knowledge subgraphs are
combined with dialogue history features to produce knowledge features through a decoder.
Our main contributions are as follows:

1.  We introduce the Multi-hop Reasoning Knowledge Selection Module (KMRKSM) to
address inappropriate knowledge selection in dialogue generation methods.

2. By combining multi-relational graph coding units with dynamic multi-hop reasoning
units, we differentiate between dialogue history and external knowledge during the
selection process, enabling effective knowledge fusion.

3. Comparative experiments with a range of baselines on the OpenDialKG dataset,
along with ablation studies, show that KMRKSM'’s knowledge selection performance
matches or exceeds that of baseline methods.

2. Related Work

To address the issue of inappropriate knowledge representation in dialogue genera-
tion models, researchers have been improving knowledge selection methods. Traditional
approaches could only extract superficial knowledge from dialogue history. Zhou et al. [5]
proposed a dialogue generation model based on commonsense knowledge graphs, using
structured knowledge in the form of triples to understand dialogues. Dinan et al. [2]
used factual knowledge to guide knowledge selection, showing that effective knowledge
improves response quality. Lian et al. [6] applied posterior probability distributions for
knowledge selection, enhancing dialogue generation quality. Kim et al. [7] introduced a
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sequential latent variable model to improve knowledge selection in multi-turn dialogues.
Chen et al. [8] proposed a posterior information prediction module and a distillation-based
training strategy to further refine knowledge selection. Dziri et al. [9] developed the NPH
model, which uses an illusion evaluation mechanism and query signal propagation during
the refinement stage to retrieve entity information relevant to dialogue statements. Shuster
et al. [3] explored retrieval loop structures in various neural networks and designed a
knowledge retriever using these structures for knowledge selection. Rashkin et al. [10]
introduced an illusion control method with resampling techniques during decoding. Wu
et al. [4] defined a control mechanism that incorporates lexical control phrases and in-
ductive attention to eliminate non-informative attention links. Ma et al. [11] presented a
knowledge-driven dialogue generation model with posterior knowledge selection based on
the Siamese network, creating a new mechanism to acquire richer knowledge information.

The aforementioned studies did not emphasize addressing the differences between
dialogue statements and external knowledge. Therefore, this paper employs knowledge
grounding and multi-hop reasoning techniques to dynamically infer by aggregating triple
evidence along multiple relational paths, selecting knowledge subgraphs significantly
related to dialogue statements. Throughout the knowledge selection process, grammatical
correctness, natural expression, cultural adaptability, and semantic fidelity are ensured,
enhancing the fluency and accuracy of the generated responses.

3. Task Formulation

Given the dialogue history D = {Uj,Ry, Uy, Ry, -+, U;, Ry, - - -, Ur} and external
knowledge K, knowledge features u; that align with the dialogue context are selected
through the dialogue history D and external knowledge K. Here, U; represents the word

sequence of the user utterance in the i-th dialogue turn,U; = {xiul, xiuz, cee, xl-uj, e, foLu },

and R; represents the word sequence of the response sentence in the i-th dialogue turn,

_—JyR SR R R u R i i
R; = {xT,l’ XT o XX, } X and X represent the j-th word in the user utterance

and response sentence of the i-th dialogue turn, respectively. The external knowledge
KG = (V,E) introduced comprises a set of concepts, denoted by V, and the relationships
connecting these concept sets, denoted by E. Due to the complexity of direct reasoning
on the complete graph, we extract a subgraph, KGs = (v,¢) that is composed of h-hop
paths that are mutually connected starting from the extracted source entity C, from the
dialogue history, where v C V and € C E. Subsequently, we formulate the task to generate
the optimal knowledge features 1y, maximizing the following conditional probability, as
shown in Equation (1):

ux = argmaxP(KG;s|D) (1)

4. Multi-Hop Reasoning Knowledge Selection Module

In order to address the issue of inappropriate knowledge representation in dialogue
generation caused by neglecting the handling of differences between dialogue utterances
and external knowledge, this paper introduces KMRKSM. The selected knowledge fea-
tures are used as inputs for generating responses to achieve knowledge-driven dialogue
generation, with the module structure depicted in Figure 2.
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Figure 2. Structure of Multi-hop Reasoning Knowledge Selection Module.

KMRKSM consists of three main components: the multi-relation graph coding unit,
the dynamic multi-hop reasoning unit, and the knowledge selection unit.

Utilizing a pre-trained Transformer encoder to capture contextual dependencies within
a dialogue’s historical text sequence, the model processes the dialogue’s historical text
sequence D = {Uy,Rq, Uy, Ry, - - -, Uy, R, - - -, Ur} as the input, with the specific procedure
denoted by Equations (2) through (4).

hi = et + p (2)
W = T_block(HI5"),1 € [1, Lp) 3)
P(s¢ls < t) = softmax(WLMhtLD + b) 4)

Here, e; and p; represent token-embedding vectors and positional embedding vectors,

respectively, T_block is a Transformer module with masked self-attention, and htLD is the
hidden state at time step .

4.1. The Multi-Relation Graph Coding Unit

In reference to Vashishth et al. [12], a multi-relational encoding unit was designed to
utilize non-parametric ¢(-) composition operations on a commonsense knowledge graph
aligned with the dialogue history, combining node embeddings and relation embeddings.
Specifically, with the input commonsense knowledge graph KG = (V,E) and a GCN
with Lg layers, for each node v € V, the information of the / + 1 layer is updated by
aggregating local neighborhood graphs N(v) composed of nodes u and relations. This
process is represented through Equations (5) to (6).

I 1 ! 1l
0y = } : WNq) hul hr (5)
IN(0v)] (N (o) ( )

Kl = ReLu(oi, + Wghﬁ,) (6)

Here, 1) denotes the initialization for word embeddings, h? denotes the initialization for
relation embeddings, and WY, and Wé represent two learnable weight matrices in the [-th layer.
The non-parametric composition operation ¢ (hy, hy) = hy — h, is defined through TransE.

The relation embedding is also updated via another linear transformation, as shown
in Equation (7).

It = Wihy ?)

Finally, the obtained node embeddings h5P and relation embeddings hEP are used as
inputs to the dynamic multi-hop reasoning unit.
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4.2. The Dynamic Multi-Hop Reasoning Unit

To enable explicit reasoning on the graph structure during knowledge selection, a
dynamic multi-hop reasoning unit was designed. This unit utilizes both the structural
knowledge graph and contextual information, passing evidence along relationship paths at
each decoding step. The unit updates the scores of external nodes, propagating information
through multiple hops until all nodes on G are visited. Initially, nodes corresponding to
concepts in Cy are given a score of 1, while the scores for other unvisited nodes are set to 0.

For unvisited nodes v € V, their scores ns(v) are calculated by aggregating evidence
from Nin(v), which represents the set of visited nodes and their direct connections v
through edge r, as shown in Equation (8).

ns) = f (yens(u)+R(ur,0)) ®
(u,r)eNin(v)

Here, v is a discount factor controlling the strength of information flow from the
previous hop. f(+) is an aggregator for pooling scores from connected nodes, primarily
utilizing max(-) as the main aggregator.

The triple correlation, R(u, r, v), reflects the relevance of a triple set (u, 7, v) in provid-
ing evidence in the current context, computed as shown in Equations (9) and (10).

R(u,r,0) = 7 (h o Weinh| ) ©)

P = [P hEP; P (10)

Finally, after H, the final distribution reaching each node is normalized, as shown in
Equations (4)—(11).
P(Ct|s < t,G) = softmax,cy(ns(v)) (11)

Here, C; represents the concept of the chosen node at time step t.

4.3. The Knowledge Selection Unit

To obtain knowledge more aligned with the conversational context, a knowledge
selection unit was devised to acquire semantic embeddings of the dialogue history D
through the Sentence-BERT contextual sentence encoder. The model ¢ is a decoder based
on LSTM, which, at step ¢, predicts the probability P; of an action LZ based on a state ?t
Here, an action denotes the steps of multi-hop reasoning on the graph G, represented by
the connections of relations and entity embeddings from the graph G, along with semantic
embeddings of context sentences based on Sentence-BERT, as formulated in Equation (12).

a = (cc+es) @ (ra+7s) 12)

where 6_5) and r_; represent the semantic embeddings of the context sentences for entity
e and relation 7, respectively. The state st includes a representation of the dialogue his-
tory along with the entities and relations the model ¢ has traversed, defined as a tuple
(D, (a_{,a_z),- . ',11:1))- Consequently, the model ¢ simulates the knowledge selection
process based on the dialogue history D.

Subsequently, the best knowledge with the highest probability Py = [; P}, ¢ is selected
from the knowledge subgraph obtained from the dynamic multi-hop reasoning unit, as
shown in Equation (13).

uy = argmaxPy(A = G|D) (13)

where A is a set of model ¢ actions a; conditioned on the dialogue history D.



Electronics 2024, 13, 3275

60of 11

5. Experiment
5.1. Evaluation Indicators

To assess the effectiveness of the knowledge selection module in selecting knowledge,
this study conducts experiments using both automatic evaluation metrics and human
evaluation metrics.

5.1.1. Automatic Evaluation

To evaluate the quality of selected knowledge, this study assesses the quality of
knowledge using automatic evaluation metrics based on word overlap, namely BLUE4 and
ROUGE-L [13].

BLEU4: This can measure the fluency of generated sentences, as shown in Equation (14).

N

BLEU = BP x exp( Wy, X log Pn> (14)

n=1

where BP is the brevity penalty factor, W, is the weight for the n-gram typically set to a
uniform weight, where for any #, it holds that W, = 1/N, and P, is the precision for the
n-gram.

ROUGE-L [13]: This measures the Longest Common Subsequence (LCS) between the
candidate and reference sentences, assessing the fluency of generated sentences, as shown
in Equations (15)—(17).

 LCS(C,S)
LCS(C,9)
2
ROUGE — L = LT P)RicsPrcs (17)

Rics + B?Prcs

Here, C denotes sentences generated by the model, S denotes reference sentences,
Ry cs represents the recall rate, and P; cg signifies the precision rate.

To evaluate the appropriateness of knowledge selection, this study employs the
source-dependent automatic evaluation metrics FeQA [14], QuestEval [15], and Entity
Coverage [16] to assess the appropriateness of knowledge selection.

FeQA [14]: This is a question-answering (QA)-based evaluation metric designed to
assess the reliability of generated text. The metric uses a source (e.g., a document) and
its corresponding output (e.g., a summary) as the input. A question generation model
creates a question from the source, and an answer a is generated. Then, the model generates
another answer b based on the question and the output. The reliability of the generated
text is evaluated by calculating the average F1 score between answers a and b. In this study,
all triples in the knowledge graph are connected, with the dialogue history as the source
and the generated dialogue response as the output. The FeQA score is calculated using
models from the official library to evaluate the appropriateness of knowledge selection.

QuestEval [15]: This is another QA-based evaluation metric with two modes: Reference-
Dependent (RD) mode, which uses one or more ground truth reference texts, and Reference-
Free (RF) mode, which operates without any reference text. The input sources are con-
structed in the same way as in the FeQA metric. The QuestEval score, used to assess the
appropriateness of knowledge selection, is calculated using models from the official library.

Entity Coverage [16]: This uses a named entity recognition model to extract named
entities from both the generated dialogue responses and the dialogue history. This study
computes the Entity Precision, recall, and F1 scores between the named entities in the
selected knowledge and those in the dialogue history to evaluate the appropriateness of
knowledge selection.
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5.1.2. Manual Evaluation

To evaluate the quality of knowledge selection from different models, human assess-
ments were conducted using Amazon Mechanical Turk. In assessing the appropriateness
of knowledge selection, annotators were first asked to determine whether each selected
piece of knowledge was Faithful or Hallucinated. Faithful knowledge is defined as being
supported by knowledge triplets and the dialogue context, whereas Hallucinated knowl-
edge contradicts or cannot be verified by the dialogue context. Annotators were then asked
to further specify whether the Hallucinated knowledge was Extrinsic, Intrinsic, or Both.

5.2. Datasets

This research utilizes the OpenDialKG dataset [17] to perform experiments aimed at
achieving interpretable dialogue reasoning through knowledge graph path traversal using
attention mechanisms. The dataset features open-ended dialogues between two speakers
on specific topics, encompassing approximately 13,000 dialogues and 91,000 dialogue turns.
Each dialogue is aligned with relevant knowledge graph paths, connecting the entities
and relationships mentioned in the conversation. Consequently, the OpenDialKG dataset
is composed of two primary parts. The first part is a parallel corpus of dialogue and
knowledge graph paths, where each dialogue turn is associated with a knowledge graph
path linking it to the preceding turn, with annotations provided by the participants. The
second part consists of the base knowledge graph utilized for dialogue collection and
experiments, which is derived from a subset of the Freebase Easy dataset [18]. In the
experiments conducted in this study, the dialogues are randomly split into training (70%),
validation (15%), and test (15%) sets.

5.3. Experimental Settings

The experimental setup involved an AMD Ryzen 75800H CPU, an NVIDIA GeForce
RTX 3060 GPU, a Windows operating system with CUDA 11.0 as the software environment,
and a PyTorch 1.7 deep learning framework. Pre-trained BERT (https:/ /huggingface.co/
google-bert/bert-base-chinese (accessed on 10 May 2024)) was used to initialize word
embeddings in this study, with hidden vectors with a size of 768. The dimensionality of the
knowledge graph was set at 300. During training, the SGD optimizer was employed with
an initial learning rate of 0.01, a dropout rate of 0.4, a batch size of 64, and 80 iterations.

5.4. Baseline

The following baseline models were employed in the experiment to validate the
effectiveness of the proposed method:

EARL [19]: Utilizes external knowledge for knowledge selection without parameteriz-
ing specific entity representations.

GPT2 [20]: Fine-tunes GPT-2 using the following settings and hyperparameters: a
batch size of 16, a learning rate of 6.25 x 107>, and an AdamW optimizer with a linear
decay scheduler.

GPT2+NPH [9]: Integrates GPT2 with NPH, where NPH refines generated responses
by retrieving entities from the knowledge graph.

BART [21]: Fine-tunes the BART model with a batch size of 16, a learning rate of
3 x 107°, and an AdamW optimizer with a linear scheduler.

BART+NPH [16]: Applies a post-processing technique to BART, named BART+NPH,
as the baseline for the experiment due to its agnostic nature towards the generative model.

KG-BART [22]: A knowledge-enhanced model based on BART that incorporates
relationship information between concepts for commonsense reasoning.

RHO [16]: Achieves state-of-the-art performance on OpenDialKG by employing local
knowledge, global knowledge, and knowledge reordering for knowledge selection.
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6. Results and Analysis
6.1. Comparison Experiment

The knowledge selection automatic evaluation comparative experiments were con-
ducted on the OpenDialKG test set between KMRKSM and multiple baseline models, as
shown in Table 1. The automatic evaluation comparative experiments validated and as-
sessed accuracy and appropriateness in terms of the BLEU4, ROUGE-L, FeQA, QuestEval,
and Entity Coverage metrics.

Table 1. Automatic evaluation results of comparison experiment.

QuestEval Entity Coverage (%)
Model BLEU4 ROUGE-L FeQA
RD RF Pre Recal F1

EARL 7.97 23.61 39.93 37.88 35.59 86.61 45.17 64.44

GPT2 10.27 29.59 39.40 46.86 42.07 91.61 33.26 52.30
GPT2+NPH 10.41 29.93 40.83 47.45 42.45 95.61 33.39 53.96

BART 14.45 33.33 39.00 46.97 42.75 96.99 44.96 62.87
BART+NPH 15.53 34.99 42.41 47.94 43.56 96.44 4412 65.98
KG-BART 13.72 33.31 41.87 45.55 42.86 97.68 45.63 64.58

RHO 19.11 38.45 47.99 50.58 46.41 98.53 51.77 72.29
KMRKSM 20.63 39.54 43.04 48.41 43.84 98.70 51.80 73.01

Table 1 presents the results of automatic evaluations on the OpenDialKG test set.
KMRKSM outperforms all baseline models in the BLEU4, ROUGE-L, and Entity Cover-
age metrics, indicating strong performance in both the accuracy and appropriateness of
knowledge selection. Specifically, compared to the state-of-the-art model RHO, KMRKSM
achieves a 1.53% improvement in BLEU4, a 1.09% increase in ROUGE-L, and gains of 0.17%,
0.03%, and 0.72% in precision, recall, and F1 for Entity Coverage, respectively. KMRKSM
also shows competitive results compared to the strong baseline model BART+NPH. How-
ever, due to the influence of the text generation model and the lack of local knowledge,
KMRKSM performs less well than the RHO model in the FeQA and QuestEval metrics, sug-
gesting that local knowledge in dialogue statements impacts knowledge selection. Overall,
the introduction of multi-hop reasoning in knowledge selection enables the model to better
align selected knowledge with the dialogue context.

A human evaluation experiment on multi-hop knowledge selection was conducted
on the OpenDialKG test set to assess KMRKSM and several baseline models, as shown in
Table 2. The evaluation was validated using the Faith and Hallucination metrics. Specifi-
cally, 100 samples selected by each model were randomly chosen and evaluated by three
different annotators to minimize potential bias. The designated annotators were required to
meet the following criteria: an approval rate of 95% or higher on Al tasks and a minimum
of 5000 approved Al tasks. These annotators, hailing from Australia, the United Kingdom,
and the United States, were employed to evaluate the accuracy and appropriateness of
knowledge selection by the models.

Table 2. Manual evaluation results of comparison experiment.

Hallucination (%)

Model Faith (%)
In. Ex. Both
GPT2+NPH 72.67 8.67 18.00 0.67
BART+NPH 75.00 9.33 15.33 0.33
RHO 81.67 7.67 10.67 1.00
KMRKSM 82.45 7.72 10.06 1.00

As shown in Table 2, KMRKSM outperforms GPT2+NPH, BART+NPH, and RHO on
the Faith metric. Specifically, compared to the state-of-the-art model RHO, KMRKSM shows
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a 0.78% improvement in the Faith metric, demonstrating its superiority and effectiveness
in the appropriateness of knowledge selection. On a more granular level, the issue of
selecting knowledge that contradicts the dialogue history and external knowledge is more
common than the issue of selecting knowledge that is difficult to verify against these
sources. This trend is observed across all models. Specifically, KMRKSM reduced the
selection of contradictory knowledge by 0.61% compared to RHO, indicating its ability to
choose knowledge that aligns with the dialogue context. However, it increased the selection
of knowledge that is challenging to verify by 0.05% compared to RHO. This slight increase
is due to RHO'’s focus on both global and local knowledge, whereas KMRKSM primarily
emphasizes global external knowledge, overlooking the impact of local knowledge on
knowledge selection.

Overall, the consistency between human evaluation results and automatic evaluation
results validates the feasibility and reliability of this experimental approach. Under the
experimental conditions, KMRKSM not only ensures the selection of knowledge aligned
with the dialogue context, but also enhances the appropriateness of knowledge expression
when combined with the dialogue generation model. This confirms the effectiveness and
superiority of KMRKSM in the knowledge selection task.

6.2. Ablation Experiment

To validate the effectiveness of the units constructed within the module presented
in this paper, ablation experiments were conducted. The results on the OpenDialKG
dataset, as shown in Table 3, demonstrate the performance on the BLEU4, ROUGE-L, FeQA,
QuestEval, and Entity Coverage metrics in the absence of the multi-relational graph coding
unit (MGCU) and the dynamic multi-hop reasoning unit (DMRU).

Table 3. Results of ablation experiment.

QuestEval Entity Coverage
Model BLEU4 ROUGE-L FeQA
RD RF Pre Recal F1
KMRKSM w/0 MGCU 19.23 37.67 41.67 47.31 42.45 96.75 48.56 71.45
KMRKSM w/o DMRU 18.54 35.45 40.34 45.74 40.98 95.67 47.87 70.25
KMRKSM 20.63 39.54 43.04 48.41 43.84 98.70 51.80 73.01

From Table 3, it is evident that the absence of the dynamic multi-hop reasoning
unit (DMRU) results in the lowest scores across all metrics. This indicates the significant
role that DMRU plays in KMRKSM, suggesting that through multi-hop reasoning with
knowledge, the module can engage in more appropriate knowledge selection. On the
other hand, the absence of the multi-relational graph coding unit (MGCU) leads to
lower scores across all metrics compared to KMRKSM, but higher scores than those
without DMRU, highlighting the supportive role of MGCU in knowledge selection. This
illustrates the effectiveness of both MGCU and DMRU in KMRKSM, showcasing their
crucial roles in knowledge selection.

6.3. Case Study

To further validate the effectiveness of the knowledge selection in KMRKSM, a set of
dialogues was selected from the OpenDialKG dataset. The responses generated by both
KMRKSM and the RHO model were compared for these dialogues, and the responses
generated by these two models were documented for case analysis, as recorded in Table 4.
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Table 4. An example response generated by RHO and KMRKSM.

Knowledge Graph Dialogue Context Real Response RHO KMRKSM
. 1 1 ?
User: Who clse was i that movie? Assistant: She also Assistant: She Assistant: Judy Davis

Assistant: Aside from Woody . . .

X starred in starred in The also starred in
<The Ref, starred Allen, Judy Davis and Greta " .,

. . . The Ref” and Referendum and The Ref. Have

actors, Judy Davis> Gerwig also have star credits. " 11 X
My Brilliant The Golden you seen this

User: What else do I know Judy - .
Career. Compeass. movie?

Davis from?

References

As demonstrated by the example in Table 4, the RHO model produced an incorrect
response, while the proposed KMRKSM generated a factually accurate reply. This indicates
that KMRKSM can effectively select appropriate knowledge based on dialogue history,
enabling the dialogue generation model to produce responses that are more accurate and
better aligned with the input compared to the current state-of-the-art model, RHO. This
confirms the effectiveness and superiority of the proposed method in knowledge selection.

7. Conclusions

To address the challenges posed by the heterogeneity between external knowledge
and dialogue history in knowledge selection for dialogue generation, this paper proposes
a knowledge selection module based on knowledge multi-hop reasoning, inspired by
multi-hop reasoning techniques. This module is designed to enhance the appropriateness
of knowledge selection in dialogue generation. Additionally, through the collaboration of
the multi-relational graph coding unit and the dynamic multi-hop reasoning unit, the mod-
ule differentiates between dialogue history and external knowledge during the selection
process, ensuring that the selected knowledge aligns with the dialogue context.

The experimental results on the OpenDialKG dataset demonstrate that KMRKSM
exhibits performance in knowledge selection that is comparable to or exceeds baseline
models, validating the effectiveness and superiority of the proposed knowledge selection
module. In future work, we will further explore the impact of KMRKSM on emotion
prediction, aiming to enhance the quality and empathy of generated emotional responses
by considering both emotional and textual dimensions.
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