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Abstract

Knowledge-grounded Dialogue Response Generation (KRG)
can facilitate informative and fidelity dialogues using exter-
nal knowledge. Prior monolingual works can only use the
knowledge of the corresponding native language. Thus, due
to the prohibitive costs of collecting and constructing exter-
nal knowledge bases, the limited scale of accessible exter-
nal knowledge always constrains the ability of KRG, espe-
cially in low-resource language scenarios. To this end, we
propose a new task, Multi-Source Multilingual Knowledge-
Grounded Response Generation (MMKRG), which simulta-
neously uses multiple knowledge sources of different lan-
guages. We notice that simply combining knowledge of dif-
ferent languages is inefficient due to the Cross-Conflict is-
sue and Cross-Repetition issue. Thus, we propose a novel
approach MMK-BART, which uses a simple but elegant
Estimate-Cluster-Penalize mechanism to overcome the men-
tioned issues and adopts the multilingual language model
mBART as the backbone. Meanwhile, based on the recent
multilingual corpus XDailyDialog, we propose an MMKRG
dataset MMK-DailyDialog, which has been aligned to the
large-scale multilingual commonsense knowledge base Con-
ceptNet and supports four languages (English, Chinese, Ger-
man, and Italian). Extensive experiments have verified the
effectiveness of our dataset and approach in monolingual,
cross-lingual, and multilingual scenarios.

Introduction
Open-domain dialogue systems allow users to initiate con-
versations on any topic of their choice (Sutskever, Vinyals,
and Le 2014; Yan 2018). Nevertheless, current dialogue re-
sponse generation (RG) approaches are susceptible to gen-
erating uninformative responses (Li et al. 2016) and hal-
lucinatory information (Shuster et al. 2021). The afore-
mentioned issues can be partly attributed to the inadequate
knowledge acquired by the model (Yu et al. 2020). There-
fore, knowledge-grounded response generation (KRG) ap-
proaches have emerged from recent studies as they are ca-
pable of retrieving informative knowledge from external
sources and substantially improving the generation quality
of dialogue responses (Zhou et al. 2018; Qin et al. 2019;
Zhang et al. 2020).

*The corresponding author.
Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Microsoft
Microsoft

Dialogue Context:
窗子被野狐狸打碎了。

Multilingual Commonsense Knowledge Retrieval

Ventilate
Ventilate

窗户

玻璃 通风

fenster

belüften belichtung

finestra

finestratura davanzale

Dialogue Context:
Windows are broken by wild foxes.
窗子被野狐狸打碎了。
Fenster werden von wilden Füchsen zerbrochen.
Le finestre sono rotte da volpi selvatiche.

Multilingual Dialogue Context:
Windows are broken by wild foxes.

Multilingual
Translation

Multilingual Dialogue Context:
English: Windows are broken by wild foxes.
Chinese: 窗子被野狐狸打碎了。
German: Fenster werden von wilden Füchsen zerbrochen.
Italian: Le finestre sono rotte da volpi selvatiche.

Multilingual
Retrieval

English

Multilingual Knowledge Sources

窗户
Windows

Belüften
Ventilate

Finestra
Windows

Windows
Windows

玻璃
Glass

窗台
Windowsill

Fenster
Windows

Davanzale
Windowsill

RetrievedMultiple Multilingual Knowledge (with English translations)

English Germany Italian

Figure 1: An example of multilingual knowledge retrieval.
Cross-Repetition issue: it can be the repetition (Windows −→
Ventilate/Windowsill) across languages. Cross-Conflict is-
sue: (Windows −→ Microsoft) is conflicted with the context.

The scale of accessible knowledge is crucial for KRG to
handle complex topics (Wu et al. 2022). When there is no
available knowledge to retrieve from the given knowledge
base, KRG will fall back into traditional RG. However, most
prior works are monolingual, and the available knowledge is
often limited to a single native language source (Kann et al.
2022), which presents three challenges: 1) Limited Knowl-
edge Coverage: A single knowledge source suffers from in-
sufficient knowledge coverage. Many conversation contexts
may not match any knowledge in practice; 2) Low-resource
Dilemma: There are significant differences in the abundance
of knowledge resources across different languages. For ex-
ample, there are many knowledge resources in high-resource
languages such as Chinese and English but only very few
bases in low-resource languages such as Indonesian and Ice-
landic. Consequently, prior monolingual KRG works are
challenging to deploy in many low-resource scenarios; 3)
Transfer Barrier: Even if efforts are invested in transfer-
ring knowledge from one language to another to address the
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above issues, it remains difficult and expensive due to lan-
guage and cultural differences.

To alleviate these issues, this work proposes to use mul-
tiple multilingual knowledge sources (MMKS) simultane-
ously to ground open-domain dialogue response generation,
i.e., MMKRG. Nonetheless, reality is often not as beautiful
as the ideal. As illustrated in Figure 1, we find the paradigm
of simply fusing MMKS is problematic due to the following
issues: 1) Cross-Conflict: Conflicts (i.e., retrieved facts are
irrelevant to the context) between the native language dia-
logue context and the cross-lingual knowledge are more no-
table than in the traditional monolingual scenario; 2) Cross-
Repetition: Different sources may provide knowledge of the
similar meaning but different languages. Thus, the retrieved
knowledge items may be redundant and verbose, causing the
backbone model to become hesitant and inefficient in knowl-
edge selection; 3) Corpus Shortage: To our knowledge, there
is no dataset for MMKRG currently.

Considering such challenges, we propose an MMKRG
dataset MMK-DailyDialog and an MMKRG approach
MMK-BART. To our knowledge, both the corpus and ap-
proach are the first of their kind. Specifically, we first con-
struct our corpus MMK-DailyDialog by aligning the large-
scale multi-lingual commonsense knowledge base Concept-
Net (Speer, Chin, and Havasi 2016) to a recent multilin-
gual conversational corpus XDailyDialog (Liu et al. 2023).
XDailyDialog extends the monolingual English DailyDi-
alog (Li et al. 2017) into four languages, including En-
glish (En), Chinese (Zh), German (De) and Italian (It),
where all four languages are fully covered by the Con-
ceptNet.Regarding methodology, we propose a Estimate-
Cluster-Penalize mechanism for MMK-BART to reduce the
redundant and conflict items across different languages. The
first Estimate step estimates the possible relevance between
the fact candidate and the dialogue context via learnable
scoring functions. The next Cluster step tries to cluster com-
monsense knowledge facts across languages of a similar
meaning into a cluster with the unsupervised K-Means al-
gorithm. The last Penalize step penalizes the estimated rel-
evance scores via the in-cluster rank label (alleviating the
Cross-Repetition issue) and then only keeps the facts with
high penalized scores (alleviating the Cross-Conflict issue).
Finally, we take the multilingual Seq2Seq mBART (Liu et al.
2020) as the backbone language model, which has memo-
rized massive multilingual knowledge in the pre-training.

Extensive experiments have been conducted to evalu-
ate the effectiveness of our MMK-DailyDialog dataset and
our MMK-BART. In the first monolingual evaluation, we
show that our dataset can take advantage of the common-
sense knowledge graph ConceptNet, bringing notable per-
formance improvement in response generation. The next
multilingual evaluation proves that 1) simply using knowl-
edge facts retrieved from multiple multilingual sources may
even result in worse results due to the Cross-Repetition is-
sue and Cross-Conflict issue, and 2) our MMK-BART and
Estimate-Cluster-Penalize can effectively address such two
issues. We also conduct a cross-lingual evaluation to explore
the potential in the zero-native-knowledge scenario.

The contribution of this work is four-fold: 1) To our

knowledge, we are the first to explore using multi-source
multilingual knowledge in the context of KRG; 2) We col-
lected and constructed the first MMKRG dataset MMK-
DailyDialog; 3) The proposed MMK-BART can effectively
use multi-source multilingual knowledge with the novel
Estimate-Cluster-Penalize mechanism. 4) Extensive experi-
ments verified the effectiveness of our dataset and approach.

Related Work

Knowledge-Grounded Dialogue Generation Compared
with the traditional dialogue response generation (RG)
(Sutskever, Vinyals, and Le 2014), knowledge-grounded di-
alogue response generation (KRG) (Yu et al. 2020) uses ex-
ternal knowledge to alleviate the issue of generating non-
informative dialogues (Li et al. 2016) and hallucination in-
formation (Shuster et al. 2021). Depending on the choice
of knowledge base, previous KRG works can be text-based
(Lin et al. 2020a; Kim et al. 2021), graph-based (Wu et al.
2020; Zhou et al. 2022), and many others (Moghe et al.
2020; Li et al. 2022). Nonetheless, most prior works only
use one monolingual knowledge source, which always suf-
fers from the insufficient knowledge issue and limits the
performance in low-resource languages (Kann et al. 2022).
Some works try to retrieve knowledge from multiple sources
(Liang et al. 2021; Wu et al. 2021, 2022) or use multiple
types of external information (Jang et al. 2022) to enrich the
knowledge. However, such works are still focusing on the
monolingual scenario. Compared to such works, this work
uses knowledge of multiple languages simultaneously.

Multilingual Dialogue Generation With the develop-
ment of multilingual language models such as mBART (Liu
et al. 2020) and mT5 (Xue et al. 2021), much attention has
been paid to multilingual applications. However, only a few
RG works are multilingual. MulZDG (Liu et al. 2022) and
XDailyDialog (Liu et al. 2023) studies the multilingual re-
sponse generation, X-Persona (Lin et al. 2020b) learns to
generate the multilingual personalized dialogues, and ToD
(Majewska et al. 2023) learns the multilingual task-oriented
dialogue systems. However, such works do not access exter-
nal knowledge. Unlike them, KoWoW (Kim et al. 2021) can
leverage English and Korean text-based knowledge in one
model. Unfortunately, this work is limited to only two lan-
guages. Compared to KoWoW, this work can use multiple
multilingual knowledge sources simultaneously.

Cross-lingual Learning How to use cross-lingual knowl-
edge is crucial in multilingual learning. To address this is-
sue, there are three typical paradigms (Huang, Yu, and Al-
lan 2023): The first two are 1) translating the cross-lingual
resource into the current language before feeding them into
the model and 2) translating the output of the model. The
last 3) does not explicitly conduct any translation but uses
end-to-end training. The construction of MMK-DailyDialog
follows the first paradigm. The next MMK-BART needs to
manipulate inputs/outputs of several languages simultane-
ously; thus, it uses the last paradigm.
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English (En) Chinese (Zh) German (De) Italian (It)
#Training 10.5K Sessions and 39.7K Dialogues
#Valid/Test 995/996 Sessions and 3.83K/3.69K Dialogues
#Entities 1.17M 0.13M 0.52M 0.51M
#Relations 47 25 11 16
#Facts 3.28M 0.37M 1.00M 0.58M

Table 1: The statistics of our MMK-DailyDialog .

MMK-DailyDialog
Background
There are only three existing multilingual RG corpora. The
first non-knowledge-grounded XPersona (Lin et al. 2020b)
translates the English Persona-Chat (Zhang et al. 2018)
into seven languages and faces two crucial issues: 1) non-
English dialogues are not fluent because it lacks enough
human corrections, and 2) this dataset is not fully parallel,
and thus we are hard to study the latent relationship among
languages. The next non-knowledge-grounded dataset is the
recent XDailyDialog (Liu et al. 2023). Although it is still
translated from the English DailyDialog (Li et al. 2017)
and only supports four languages, it is fully parallel and
with significantly higher quality because of a more careful
human correction process. The last is knowledge-grounded
KoWoW (Kim et al. 2021). Nonetheless, it only supports
English and Korean and uses text-based knowledge rather
than graph-based commonsense knowledge. Thus, this work
presents a multi-source multilingual KRG dataset MMK-
DailyDialog, by extending the XDailyDialog.

Conversations MMK-DailyDialog keeps all conversa-
tions of XDailyDialog. Thus, as reported in Table 1, there are
four languages and each has about 13K sessions and about
50K dialogues. Dialogues are fully parallel among four lan-
guages; namely, one dialogue has four language versions.

Commonsense Knowledge We choose the large-scale
multilingual commonsense knowledge base ConceptNet
(Speer, Chin, and Havasi 2016). We regard knowledge facts
of each language as an independent knowledge source. As
shown in Table 1, we can find the knowledge abundance of
each language is various, where English facts are the most.

Single-Source Alignment
Given a dialogue session (H lsrc , Rlsrc) of a language lsrc,
where H lsrc is the dialogue context (history) and Rlsrc is
the response, the task is to retrieve an aligned commonsense
knowledge fact set Klsrc = {klsrci } from the corresponding
knowledge source Glsrc of the same language.

We design Retrieve(·) to retrieve coarse-grained facts for
the given utterance. Retrieve(·) first tokenizes and lemma-
tizes the given utterance into an n-gram list with NLTK,
and all stopwords are removed. Then, for a fact klsrci =

(elsrchead, e
lsrc
rel , e

lsrc
tail) ∈ Glsrc , if the head entity elsrchead or

the tail entity eltail

head appears in the filtered n-gram list, this
fact klsrci will be retrieved. Then, we use SentenceBERT
(Reimers and Gurevych 2020) to compute the embedding

and filter out the facts retrieved by Retrieve(H lsrc). Specif-
ically, for each klsrci ∈ Retrieve(H lsrc), we estimate its
prior relevance and the posterior relevance by:

slsrcprior,i = Cosine(SBERT (klsrci ), SBERT (H lsrc))

slsrcpost,i = Cosine(SBERT (klsrci ), SBERT (Rlsrc))

where the prior score sprior,i considers the cosine similarity
between the candidate fact and the dialogue history, and the
posterior spost considers the similarity between the candi-
date fact and the ground-truth response.

Finally, we first use the posterior scores spost to select
the top 20 most relevant facts. Then, to avoid the impacts
of the posterior information during the training, we use the
prior scores sprior to re-order the obtained 20 most relevant
facts and obtain Klsrc . Thus, the KRG models still need to
select the knowledge from Klsrc , acting more like the prac-
tical scenario. Meanwhile, we also construct a golden set
Klsrc

Gold = Retrieve(H lsrc) ∩Retrieve(Rlsrc).

Multi-Source Multilingual Alignment
To retrieve knowledge of other languages, we assume
there is a Multilingual Translation System MTS(·), which
can translate (H lsrc , Rlsrc) to the other language version
(H ltgt , Rltgt); then, we can get the corresponding Kltgt as
discussed in previous Section . Thus, for each dialogue ses-
sion (H lsrc , Rlsrc), the corresponding multi-source multi-
lingual knowledge set KM can be given by:

KM = Klsrc ∪Kltgt1 ∪Kltgt2 ∪ · · · (1)

Methodology
Problem Formulation and Overview
Suppose the constructed MMK-DailyDialog corpus is D =
{(H lsrc , Rlsrc ,KM )} that covers languages L = {l∗}.
Thus, our task is defined as P (Rlsrc |H lsrc ,KM ).

As shown in Figure2, this work proposes a MMK-BART
approach, which uses a novel Estimate-Cluster-Penalize
mechanism to leverage KM in a more efficient way.

Estimate-Cluster-Penalize
Empirically, we find blindly use multi-source multilingual
knowledge set KM suffers from two issues:
• Cross-Conflict: Due to the inherent drawbacks of the re-

trieval process, KM often involves many contextually ir-
relevant facts that can impact the dialogue generation.

• Cross-Repetition: Some facts that share a very similar
meaning but in different languages may be retrieved at
the same time. For example, as shown in Figure 1, the
English fact (Windows, UsedFor, Ventilate) and the Ger-
man fact (Fenster, UsedFor, Belüften). Thus, many re-
trieved facts will be redundant with the use of multilin-
gual knowledge sources, making the dialogue generation
model hesitant and inefficient in knowledge selection.

To this end, this work proposes a novel and elegant three-
stage mechanism Estimate-Cluster-Penalize to remove both
redundant and irrelevant knowledge and optimize the ar-
rangement of knowledge facts.
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Figure 2: An illustration of the proposed MMK-BART. Different colors indicate different languages. Different small shapes
indicate facts of different meanings.

Estimating Relevance To identify the possible conflict
between the dialogue context and each knowledge fact,
we first train a language-specific scoring function slsrci =

Elsrc(H lsrc , klsrci ) for each language lsrc to predict the rel-
evance score slsrci between the target response Rlsrc and the
knowledge fact klsrci based on the dialogue history H lsrc :

Elsrc(H lsrc , klsrci ) = θ
(
Wlsrc

E SBERT lsrc(I lsrci )
)

(2)

I lsrci = [CLS], H lsrc , [SEP ], δ(klsrci ), [SEP ]

where θ is Sigmoid, Wlsrc
E is a linear layer, SBERT lsrc is

the pre-trained multilingual SentenceBERT Cross-Encoder
(Urbanek et al. 2019), δ(·) linearizes a fact into plain text.

Then, we adopt the contrastive learning paradigm to train
each Elsrc . We let the corresponding golden set Klsrc

Gold as the
positive set Llsrc

+ and leave the facts Llsrc
− = Klsrc − Llsrc

+

as the negative set. Then, we force the Elsrc to faithfully
estimate the relevance between the klsrci,j and Rlsrc based on
the H lsrc . The corresponding objective is given by:

LE =
1

|Klsrc |
∑

ki∈Klsrc

−
[
Ui · logElsrc

(
H lsrc , klsrci

)
+(1− Ui) · log

(
1− Elsrc

(
H lsrc , klsrci

))]
(3)

where Ui = 1 if klsrci ∈ Llsrc
+ else Ui = 0.

Clustering To identify the repetitive facts across lan-
guages, we place facts with similar meanings into the same
cluster in spite of the language. Given the retrieved facts
KM = {kMi }n , we first compute the feature matrix KM

F :

KM ∈ Rn×dim = SBERTuni(δ(KM )) (4)

KM
F ∈ Rn×n = KM(KM)T (5)

where unlike the Equation 2, this SBERTuni is frozen and
shared by all languages1, which can 1) encode each lin-
earized knowledge fact into a fixed dimension embedding;
and 2) ensure the embedding is language-agnostic as pos-
sible. Thus, if two facts of two different languages say the
same thing, their embeddings would be similar to each other.

Then, we assume that if the features of the two facts are
closer, they may say the same thing and should be placed
into the same cluster. To this end, we adopt the unsupervised
clustering method KMeans to cluster KM into clusters:

{Ci = {ki,j}} = KMeans(KM
F ) (6)

where Ci is the i-th cluster, {ki,j} is corresponding fact set.

Penalized Selection This stage filters out the multilingual
fact candidates and rearranges their orders. For each cluster
Ci = {ki,j}, we first rank all the elements according to their
predicted relevance scores {si,j}. The output is given by:

CR
i = {(ki,j , ri,j , si,j)} (7)

where ri,j ∈ [1, |CR
i |] is the in-cluster rank order of ki,j and

si,j is the original ranking score of ki,j .
Subsequently, we compute a repetition-penalized rele-

vance score spi,j for each ki,j :

spi,j = λ(ri,j−1) × si,j (8)

where the penalty factor λ is a hyper parameter. λ = 1 de-
notes non-penalty, λ ∈ (0, 1) penalizes the scores of repeti-
tive facts according to its in-cluster rank.

1each SBERT lsrc in Equation 2 will be fine-tuned on the
language-specific relevance estimation task, while SBERTuni is
directly loaded from the pre-trained checkpoint and without tuning.
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Method Knowledge BERT F1 ROUGE-L BLEU-1 BLEU-2 BLEU-3 BLEU-4 DIST-1 DIST-2 Ent Mean
mT5 - 0.393 46.86 24.60 23.20 12.03 7.63 5.19 5.42 20.68 8.82 9.32
mBART - 0.407 45.85 24.55 21.32 11.15 7.23 5.04 7.01 27.35 9.12 9.64
mT5 Mono-20 0.456 49.49 26.99 25.16 13.82 9.02 6.23 5.60 21.91 9.00 10.28
mBART Mono-20 0.469 49.88 26.20 24.21 13.12 8.54 5.97 6.81 27.86 9.34 10.58

Table 2: Monolingual Evaluation. Each model only considers one language. Scores are the average scores of all languages.

Finally, we re-rank all knowledge facts {ki,j} according
to its penalized relevance score {spi,j} and keep the first half
re-ranked facts as the output KP .

Response Generation
To generate the target response Rlsrc based on the dialogue
context H lsrc and the multilingual knowledge set KP out-
putted by the above ECP procedure. We adopt the multilin-
gual Encoder-Decoder model mBART (Liu et al. 2020) as
our backbone. The input is formatted as follows:

I = [H lsrc
1 , H lsrc

2 , · · · , θMT (k
p
1), θMT (k

p
2), · · · ] (9)

where H lsrc
i is the i-th turn dialogue and θMT (k

p
j ) is the

linearized fact, which uses the pattern [l∗ : ehead, erel, l∗ :
etail], where l∗ is a label to indicate the language type.

Training Considering mBART is a multilingual model,
we use one uniform mBART to train all dialogues and adopt
the Maximum Likelihood Estimation in training, and the
corresponding objective function is defined as:

L =
1

|D|
∑
i∈|D|

∑
ri,t∈Ri

−log(P (Ri,1:t−1|Hi,K
P
i )) (10)

Experiments
Experimental Setting
Dataset All experiments are conducted on the previously
constructed MMK-DailyDialog.

Automatic Metrics We report the BERT-based Embed-
ding Score (BERT) (Reimers and Gurevych 2020), F1 (Liu
et al. 2023), BLEU1-4, ROUGE-L, DIST-1/2 (Li et al.
2016), Ent (Entropy-4) (Mou et al. 2016), and the geomean
score of previous metrics to measure the overall perfor-
mance. To avoid impacts from different tokenizers, all re-
sponses are tokenized by the tokenizer of mT5 before the
evaluation.

Methods Two representative multilingual models mBART
and mT5 are adopted as baseline models. Both the baseline
BART and our proposed MMK-BART are initialized from
the mBART-Large (611M parameters), while mT5 is ini-
tialized from the mT5-Base (582M parameters). All meth-
ods are implemented with PyTorch and Huggingface library.
Similar to (Liu et al. 2023), we use the mini-batch of 32 in
fine-tuning. Depending on the 24GB V-GRAM of the Nvidia
RTX-3090 GPU and the input length, the gradient acclima-
tion step is set to either 4 (when there are 20*4 facts) or 2 (in

other scenarios). We use the Adam optimizer and 500 warm-
ing steps. We search the learning rate and the epoch num-
ber based on the English subset. For mT5, we set the learn-
ing rate to 3e-4 and train 5 epochs. For the mBART(MMK-
BART), we set the learning rate to 2.5e-5 and train 3 epochs.
In the inference, we select the last epoch and use the beam
width of 5. For our MMK-BART, ECP clusters facts into 10
groups and sets the penalty factor λ to 0.99 by default.

Monolingual Evaluation
Prior XDailyDialog (Liu et al. 2023) did not consider KRG
tasks, and MMK-DailyDialog can only do the knowledge
alignment in a post-processing manner. Thus, it is not triv-
ial to verify the knowledge-alignment effectiveness in our
extended MMK-DailyDialog. As reported results in Table 2,
we can find after using the aligned commonsense knowl-
edge, two backbone models can significantly improve the
performance in every dimension. It can undoubtedly prove
our knowledge alignment procedure is rational and efficient.
Meanwhile, the two backbone models have different tenden-
cies. mT5 has higher performance in BLEU scores, while
mBART has higher diversity and overall score.

Multilingual Evaluation
In this evaluation, each method uses one uniform model to
handle dialogues of all languages. The corresponding results
have been reported in Table 3. The proposed MMK-BART
has undoubtedly achieved the best performance among all
models. Besides, we also have several findings as follows:

Uniform model is better Although the first four models in
Table 3 can not use multiple multilingual knowledge sources
at the same time, they can implicitly benefit from other lan-
guages via the shared uniform backbone language model.
Compared to using several separated versions in Table 2, we
can find all four methods have gained notable improvements
without explicitly accessing more external knowledge. It
shows that knowledge can be implicitly transferred from one
language to another language via sharing a backbone lan-
guage model. Thus, developing and using multilingual back-
bone models is crucial in all KRG scenarios.

More knowledge is not always better For the back-
bone model mBART, we can find that if directly using all
multilingual knowledge (i.e., Multi-80), the performance is
even worse than only using the corresponding monolingual
knowledge (i.e., Mono-20). In other words, it uses more
knowledge and more computational expense but outputs less
performance. Such results can vividly demonstrate our pre-
vious statement that simply combining knowledge retrieved
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Method Knowledge BERT F1 ROUGE-L BLEU-1 BLEU-2 BLEU-3 BLEU-4 DIST-1 DIST-2 Ent Mean
mT5 - 0.410 48.38 25.61 24.48 12.98 8.29 5.66 5.05 19.84 8.91 9.62
mBART - 0.422 48.46 25.28 23.23 12.46 8.19 5.78 6.54 27.27 9.36 10.17
mT5 Mono-20 0.487 51.42 28.54 26.83 15.23 10.12 7.11 5.41 22.06 9.18 10.87
mBART Mono-20 0.499 51.90 28.88 26.20 15.14 10.31 7.47 6.89 29.40 9.59 11.61
mT5 Multi-80 0.512 52.34 29.71 27.45 15.67 10.52 7.52 5.29 22.19 9.31 11.15
mBART Multi-80 0.508 51.72 29.32 25.71 14.77 10.08 7.34 6.91 29.70 9.62 11.56
MMK-BART Multi-40 0.553 54.75 30.97 28.78 17.18 11.89 8.75 6.89 30.69 9.80 12.59

Table 3: Multilingual Evaluation Results. All languages share one model (i.e., uniform models). Mono/Multi-k uses up to k
monolingual/multilingual commonsense knowledge facts. Scores are the average scores of all languages.

Method Know. BERT F1 ROUGE-L BLEU-1 BLEU-2 BLEU-3 BLEU-4 DIST-1 DIST-2 Ent Mean
Full Multi-40 0.553 54.75 30.97 28.78 17.18 11.89 8.75 6.89 30.69 9.80 12.59

-w/o. Penalization Multi-40 0.548 54.80↑ 30.27 28.73 17.01 11.75 8.63 6.60 29.54 9.77 12.40
-w/o. Estimation Multi-40 0.534 53.87 29.85 27.71 16.19 11.06 8.03 6.91↑ 30.15 9.73 12.14
-w/o. ECP Multi-40 0.470 50.39 27.47 24.62 13.74 9.20 6.60 6.86 28.85 9.52 10.97
-w/o. Uni Multi-40 0.469 49.00 26.31 23.72 12.90 8.41 5.82 7.08↑ 28.63 9.34 10.55

Table 4: Ablated Evaluation Results. Except for ↑, the full MMK-BART is better than ablated models.

from multiple multilingual sources would cause several is-
sues such as Cross-Repetition and the Cross-Conflict.

Estimate-Cluster-Penalize is efficient To address the
mentioned two issues, MMK-BART uses a novel Estimate-
Cluster-Penalize (ECP) mechanism to remove the redundant
and irrelevant facts, as well as rearrange the order of facts.
As shown in Table 3, our MMK-BART can significantly out-
perform the multilingual mBART and mT5 with only half
the scale of the knowledge, demonstrating the superior ef-
fectiveness and efficiency of our MMK-BART and ECP.

Ablation Study
To decompose the contribution of MMK-BART, we conduct
a ablation study by removing each module in Table 4:
• -w/o. Penalization does not consider the in-cluster rank

by setting the penalty λ to 1.0, and thus more repetitive
facts may be selected. The decreased performance can
prove the existence of the Cross-Repetition issue and the
effectiveness of our solution.

• -w/o. Estimation does not use the proposed cross-encoder
relevance estimation scoring function but uses the prior
embedding similarity. By removing this, the decreased
performance shows the existence of the Cross-Conflict
issue and the effectiveness of our solution.

• -w/o. ECP fully removes our Estimate-Cluster-Penalize
mechanism. The magnitude of performance degradation
is greater than removing a portion separately, demon-
strating our ECP is an efficient pipeline.

• -w/o. Uni uses one separate model to train each lan-
guage. In this case, there has been a sharp decline in per-
formance, even lower than using only the monolingual
knowledge (see the mBART+Mono-20 in Table 2). It re-
veals understanding and leveraging multilingual knowl-
edge is a challenging job, whose training needs enough
multilingual conversational instances at the same time.

Zero Native Knowledge Evaluation
Once no available native-language knowledge can be used,
previous monolingual KRG models will fall back to the tra-
ditional RG models. A possible solution is to use cross-
lingual knowledge as an alternative. To verify the feasibility,
we have conducted extensive experiments in Table 5.

Separated Models If each language uses one separated
model, we find using the cross-lingual knowledge results in
worse performance (mBART+None v.s. mBART+Cross-60).
By using the Estimate-Cluster-Penalized (ECP) mechanism,
MMK-BART is comparable to using the native knowledge
(mBART+Mono-20), demonstrating the Cross-Repetition is-
sue and Cross-Conflict issue are also serious in this scenario.

Uniform Models Once we use one uniform model to han-
dle all languages, all methods have notable improvements.
It demonstrates that knowledge can be implicitly transferred
via the backbone language model. Our MMK-BART can beat
the native mBART+Mono-20 in this scenario. The native
mBART+Mono-20 has the best result in English because En-
glish has the most knowledge abundance (see Table 1).

Parameter Sensitivity Analysis
Estimate-Cluster-Penalize has two hyper-parameters, the
number of clusters and the penalize factor λ. We design a
parameter sensitivity analysis in Figure 3. We first freeze
the penalize factor λ = 0.99, and check the performance
of {2, 5, 10, 20, 40} clusters. It can be seen that the perfor-
mance reaches the best when clustering 80 facts into 10 clus-
ters. Fewer clusters would bring more significant penalties to
the repetitive facts while more clusters bring smaller penal-
ties; thus, a moderate cluster number is crucial. Next, we
freeze the cluster number to 10 and check the performance
when λ ∈ {0.91, 0.93, 0.95, 0.97, 0.99}. Unlike the previ-
ous, no obvious pattern can be found in this test. This means
we have to select λ according to the practical experiments.
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Method Know. BERT F1 B4 D2 BERT F1 B4 D2 BERT F1 B4 D2 BERT F1 B4 D2 Mean
English Chinese German Italian Avg.

Separated Models
mBART - 0.38 53.7 6.28 27.4 0.43 30.3 5.01 34.1 0.42 53.3 4.36 26.9 0.40 50.9 4.69 21.5 9.64
mBART Mono-20 0.46 57.4 8.00 27.2 0.47 32.9 5.69 36.7 0.44 57.3 5.15 23.4 0.51 57.4 6.73 25.8 10.58
mBART Cross-60 0.38 53.3 6.12 24.5 0.44 30.9 5.26 34.6 0.42 52.8 3.92 26.4 0.37 49.5 3.85 21.0 9.53
MMK-BART Cross-30 0.40 56.9 6.57 21.0 0.47 32.3 5.74 36.0 0.48 58.9 4.60 23.1 0.44 53.4 5.38 25.3 10.05

Uniform Models
mBART None 0.39 56.5 7.43 24.0 0.45 31.8 5.48 36.9 0.44 56.6 5.2 26.0 0.41 54.2 5.27 24.0 10.17
mBART Mono-20 0.48 60.4 9.53 27.4 0.50 34.8 6.58 37.9 0.49 58.4 6.4 27.7 0.52 59.1 7.76 25.9 11.61
mBART Cross-60 0.39 55.7 7.17 24.8 0.44 31.3 5.30 36.8 0.42 53.8 4.61 28.5 0.43 53.3 5.45 25.5 10.10
MMK-BART Cross-30 0.47 61.0 8.71 25.0 0.55 36.6 7.55 40.0 0.56 62.1 7.43 29.1 0.49 60.2 9.98 24.0 11.79

Table 5: Cross-lingual Evaluation Results. Cross-k uses up to k non-native cross-lingual commonsense knowledge facts. It must
be noted that, to avoid knowledge leakage via the shared uniform model, we have actually constructed four different three-
sources(languages) knowledge uniform models for each Uniform case.

Figure 3: Parameter Sensitivity Analysis

Fluency Rel. Infor. Mean
- G H G H G H G H
Vanilla 4.53 4.63 2.58 3.44 2.01 2.72 3.04 3.60
Mono-20 4.48 4.67 2.74 3.44 2.17 2.52 3.13 3.54
Multi-80 4.55 4.52 2.77 3.08 2.22 2.49 3.18 3.36
MMK-BART 4.46 4.63 3.04 3.55 2.29 2.78 3.26 3.65

Table 6: LLM/Human Evaluation. Except for MMK-BART,
other methods use a uniform mBART. G scores are given by
the GPT3.5 Turbo, H scores are given by human.

LLM and Human Evaluation
Human evaluation is necessary for evaluating generated re-
sponses. However, this work studies the multilingual KRG;
it is hard to organize native-speaker volunteers for every
language. Thus, we only employed three native speakers to
evaluate the Chinese responses. To fully evaluate responses
of all languages, we also conducted a human-like evalua-
tion on the GPT3.5 Turbo LLM (Azure version), which has
outstanding multilingual understanding ability and less sub-
jective preferences. Such two evaluations consider three as-
pects: 1) Fluency, 2) Relevance, and 3) informativeness. We

sampled 100 dialogues from each model and designed an in-
struction prompt pattern to guide LLM on how to evaluate a
given dialogue response.

As reported in Table 6, our MMK-BART has the best over-
all performance than baselines. The only exception is flu-
ency. We think the reason is that higher informativeness
also means more complicated content, which may impact
fluency. Meanwhile, we conducted more analysis to check
the validity of these evaluations. We began by categorizing
the evaluation scores into three levels: {1, 2} as Negative,
{3} as Neutral, {4, 5} as Positive, respectively. Then, we
count the agreements among human annotators. In the eval-
uation of MMK-BART, the 2/3 and 3/3 agreement propor-
tions were 1.00/0.86 for Fluency, 0.96/0.64 for Relevance,
and 0.92/0.54 for Informativeness. This result can indicate
that annotators have given relatively consistent evaluation
results. Further, we investigated the correlation between the
LLM’s assessments and human judgments using the same
3-scale labels. We calculated Cohen’s Kappa (k ≈ 0.4426)
by analyzing the confusion matrix, demonstrating that the
agreement between the LLM annotations and human anno-
tations is moderate beyond chance. More details of our LLM
instruction prompt pattern and some sampled dialogue cases
can be found in our GitHub project https://github.com/Y-
NLP/Chatbots/tree/main/AAAI2024 MMK-BART.

Conclusion
To enrich the scale of accessible knowledge in the context
of Knowledge-Grounded Response Generation (KRG), this
work proposes to use multi-source multilingual knowledge
sources. To this end, this work first constructs a dataset
MMK-XDailyDialog by aligning the multilingual corpus
XDailyDialog to the multilingual knowledge base Concept-
Net. Then, we propose an approach MMK-BART, which uses
the novel Estimate-Cluster-Penalize mechanism to alleviate
the Cross-Conflict issue and the Cross-Repetition issue. Fi-
nally, extensive experiments have verified the effectiveness
of our dataset and approach in scenarios that use monolin-
gual, cross-lingual, or multilingual knowledge. To our best
knowledge, both the corpus MMK-XDailyDialog and the ap-
proach MMK-BART are the first of their kind.
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