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We consider multilingual dialogue systems and ask how the performance of a dialogue system can be improved

by using information that is available in other languages than the language in which a conversation is

being conducted. We adopt a collaborative chair-experts framework, where each expert agent can be either

monolingual or cross-lingual, and a chair agent follows a mixture-of-experts procedure for globally optimizing

multilingual task-oriented dialogue systems. We propose a mixture-of-languages routing framework that

includes four functional components, i.e., input embeddings ofmultilingual dialogues, languagemodel, pairwise

alignment between the representation of every two languages, andmixture-of-languages.We quantify language

characteristics of unity and diversity using a number of similarity metrics, i.e., genetic similarity, and word

and sentence similarity based on embeddings. Our main finding is that the performance of multilingual

task-oriented dialogue systems can be greatly impacted by three key aspects, i.e., data sufficiency, language

characteristics, and model design in a mixture-of-languages routing framework.
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1 INTRODUCTION
How many human languages are there in the world? As of 2019, Ethnologue summarized the most

extensive catalog of human languages in the world.
1
It covers 6,909 distinct languages, out of which

230 are spoken in Europe, while 2,197 are spoken in Asia.
2
The ability to retrieve information across

language boundaries is a long-standing ambition in the information retrieval community [33].

Substantial progress has been made over the years, with practical systems in place to help overcome

language barriers [87].
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Table 1. Hierarchical classification based on the Ethnologue catalog3 for English, German, Italian, Spanish,
and Thai. The Code column shows the unique identification by ISO 639-3 standards. Classification is the
path to a language in the language family trees in Ethnologue.

Language Code Classi�cation

English eng Indo-European¡ Germanic¡ West¡ English

German deu Indo-European¡ Germanic¡ West¡ High German¡ German¡ Middle
German¡ East Middle German

Italian ita Indo-European¡ Italic¡ Romance¡ Italo-Western¡ Italo-Dalmatian

Spanish spa Indo-European¡ Italic¡ Romance¡ Italo-Western¡ Western¡ Gallo-
Iberian¡ Ibero-Romance¡ West Iberian¡ Castilian

Thai tha Kra-Dai¡ Kam-Tai¡ Tai¡ Southwestern

The need for multilingual access has not disappeared. Roughly 80% of the world population
does not speak English [14]. As the ways in which we interact with information evolve, e.g., from
documents to questions-and-answers and from single-shot to multi-turn interactions, fundamental
questions about multilingual information retrieval resurface. How can we develop multilingual
dialogue models to support multiple communities with multiple languages as input and output [26,
91, 92]?

Signi�cant challenges remain before we have e�ective multilingual dialogue systems. First,
multilingual dialogue datasets are quite scarce and face an acquisition challenge. For example,
a survey [99] from several years ago reports 63 available dialogue corpora and only 2 of them
contain multilingual dialogues (i.e., Verbmobil [5] and DSTC5 [41]), until March 2017. Since then,
several publications have released dialogue datasets for training multilingual chitchat [15, 52],
and both bilingual [53] and multilingual [21, 36, 48, 71, 98, 103, 107, 108] task-oriented dialogue
systems (TDSs). Furthermore, a lack of language experts makes the acquisition of non-English
data challenging [26]. For example, in the multilingual natural language understanding (NLU)
dataset [98], only 11.7% and 20.0% of the utterances are obtained for Thai and Spanish, respectively,
due to a lack of bilingual speakers.

Second, language commonalities and peculiarities are very important. On the one hand, languages
have genetic relationships through language evolution. We list the Ethnologue catalog entries
of �ve languages (i.e., English, German, Italian, Spanish, and Thai) in Table 1. English is neither
always the best nor the only pivot language to bridge the language gap [17, 83]. On the other
hand, the unity and diversity of languages have been encoded into high-dimensional vectors in
recent computational linguistics. Figure 2 visualizes the mT5 [120] embeddings of words from two
multilingual dialogue benchmark datasets [71, 98], covering the �ve languages mentioned above.
Thai words are clustering independently, while words from European languages are mixed up.
We further conduct pairwise comparisons of the European languages in Figure 2. We �nd that
intersecting areas (representing commonalities between languages) and disjoint areas (representing
peculiarities of languages) can be preserved at the same time, but their proportions can be very
di�erent for di�erent language pairs. For example, English and Spanish are not as clearly separated
as the other three language pairs, so the proportion of intersecting areas is larger (see Figure 2).

Last but not least, the majority ofTDSmodels focuses on either multiple language-speci�c
optima [70, 98] or cross-lingual adaptation from English to non-English towards multilingualTDSs

3https://www.ethnologue.com/browse/names
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Fig. 1. Visualization of the embeddings of words from two benchmark multilingual dialogue datasets, covering
English, German, Italian, Spanish, and Thai. We conduct dimension reduction using the UMAP algorithm [67]
and plot all sca�er in 2D coordinates using the Tensorflow embedding projector.4

(see Table 12 and 13). Very few publications consider improving multilingual performance simulta-
neously, but simply training models using multilingual data does not always lead to improvements,
e.g., multilingual NBT [71] and bilingual mBART [53] are outperformed by their monolingual
settings in terms of multiple evaluation metrics. Besides, optimizing all pipeline tasks requires all
language-speci�c annotations, which makes global optimization challenging [91].

In this work, we propose a multilingual dialogue framework that: (i) fully makes use of multilin-
gual data; (ii) captures commonalities between, and peculiarities of, languages; and (iii) improves
multilingual performance simultaneously. Figure 3 displays the framework.

We recast the multilingualTDSproblem in a collaborativeTDSframework [84, 86]: : expert
agents account for monolingual and cross-lingual dialogues, and a chair agent conducts a mixture-
of-experts for globally optimizing multilingual dialogues. To be more precise, we unifyTDStasks as
a standard dialogue generation task and implement a mixture-of-languages routing (MOLR) frame-
work with four functional components, i.e., (i) input embeddings, (ii) a language model, (iii) pairwise
alignment between the representations of every two languages, and (iv) mixture-of-languages.
For the former two components, we choose mT5 [120] as the backbone of our base model after
comparing with pre-trained language baselines [8, 128]. Note that each base model can be either
a monolingual or cross-lingual expert agent, and it can �exibly be replaced by other popular
multilingual language models such as mBERT [20], mBART [55], and XLM-R [11], etc. Next, we
introduce pairwise alignment between the representations of every two languages to bridge the
relationship between every two language routes. Here, alanguage routeis a path commencing
from a source language as the starting point, passing through a pivot language, to a target lan-
guage as its destination. Language commonalities and peculiarities can be embedded into pairwise
alignment states. After that, we conduct global optimization by mixture of languages routing with

4https://projector.tensor�ow.org/
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(a) English vs. German. (b) English vs. Italian.

(c) German vs. Italian. (d) English vs. Spanish.
Fig. 2. Pairwise comparison of the embeddings of words in dialogues from European languages.

two collaboration policies, i.e., route-addressing and parameter-sharing. Bymixture of languages
routingwe mean the process of learning a combination of routes in the proposed model between
or across multiple languages. This setup enables the multilingual dialogue model to automatically
learn the pivot languages, rather than �xing English as the only pivot language. Moreover, the
uni�ed generation framework equips the proposed model with the ability to optimize multiple
subtasks, simultaneously.

To assess the e�ectiveness of the proposed mixture-of-languages routing (MOLR) framework, we
conduct extensive experiments on two benchmark datasets, i.e., the multilingualDSTdataset [71]
and theNLUdataset [98]. We �nd that bilingual and multilingualMOLRmodels are on par with,
and even outperform, state-of-the-art baselines for both multilingualDSTand NLU tasks. At

ACM Trans. Inf. Syst., Vol. 1, No. 1, Article 1. Publication date: January 2024.
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Fig. 3. The framework of mixture-of-languages routing (MOLR) in multilingual TDSs. Taking the dialogue
state tracking (DST) task as an example, the raw inputs are extended with prefixes and processed into
monolingual and cross-lingual data, respectively. The rounded rectangles represent intermediate language-
specific representations. A learnable matrixM0$ 1 is used to transform the presentations between any two
languages;0• ;1. The blue, red, and green arrows represent the routes of English (EN), German (DE), and
Italian (IT), respectively.

best, compared with mT5, the proposedMOLRmodels improve 2.31%/2.56%/0.67% of joint goal
accuracy for English/German/Italian on theDSTtask, and 0.13%/1.89%/5.53% of slot F1 for Eng-
lish/Spanish/Thai on theNLUtask. Note that most of the baselines conduct classi�cation over the
prede�ned task-related label space; in contrast, we generate all the labels from the vocabulary
space.

The larger prediction space increases the di�culty of tasks, but the bene�ts are obvious: our
framework is able to predict values that are not prede�ned and is applicable to all dialogue tasks in
a uni�ed way.

The main contributions of this work are as follows:

� We propose a mixture-of-languages routing (MOLR) framework that is able to globally and
simultaneously optimize the multilingual task-oriented dialogue system (TDS) performance.
MOLRbene�ts from multilingual data argumentation, language characteristic modeling,
mixture-of-language routing.

� We develop generation baselines that are at least on par with the-state-of-the-art classi�cation
baselines.

� We carry out a large number of contrastive experiments and deep-dive analyses, which reveal
the e�ectiveness of the MOLR framework and help understand its e�ectiveness.

� We �nd that it is better to gradually cross the language chasm: a larger degree of similarity
between source language and pivot language is usually helpful for the overall performance.

ACM Trans. Inf. Syst., Vol. 1, No. 1, Article 1. Publication date: January 2024.
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2 RELATED WORK

Given the challenges of multilingualTDSs, we summarize related work from three points of view:
(i) data, (ii) language, and (iii) model.

2.1 Multilingual data augmentation

Data augmentation has been widely used for alleviating data scarcity problems in multilingual
dialogues [93]. On the one hand, data augmentation targets better representation of dialogues. Zhao
et al. [126]use atomic templates to produce exemplars from dialogue acts, followed by a sentence
generator to complete the whole utterance. Louvan and Magnini[60] involve simple text and syntax
substitutions, and combine them with pre-trained language models. Yin et al. [123]replace text
spans with paraphrases and use reinforcement learning to control the quality of the augmented
data. Pei et al. [85] search nearest neighbor dialogues as supplements to a current dialogue to
alleviate the scarcity of user preferences. Yan et al. [121]introduce heuristic approaches to generate
data and adopt contrastive learning to further improve the overall performance. Most recent work
usually bene�ts from monolingual pre-trained language models (e.g., BERT [20] and GPT-2 [89]).
Researchers have also explored retrieval-based approaches to expand the scale of dialogues [30]. Pei
et al. [85] utilize retrieved neighbor dialogues to enrich user pro�les to improve the performance of
dialogue response selection. Xu et al. [118]learn the relation of neighboring elements and phrasal
patterns to extend long-range dependencies in dialogues. Li et al. [49] extract personalized wording
from user-speci�c dialogue history as extra matching information to improve retrieval-based
dialogue systems. Ren et al. [95] involve search engine result pages to generate conversational
responses for answering complex information needs. Yan et al. [122]consider multiple responses
to enhance diversity of retrieval-based conversations by dynamic representation learning. Ling
et al. [54] generate diverse relevant and informative questions for improving interactiveness and
persistence of human-machine interactions.

On the other hand, data augmentation aims to bridge language gaps. Dominant code-switching
methods [43, 88] translate sentences in English into randomly selected target languages, which
enables them to �ne-tune multilingual transformers with generalization ability across languages.
XeroAlign [27] introduces an auxiliary loss function based on machine translation and jointly
optimizes the overall performance with the primary task. Kaliamoorthi et al. [40]conduct knowledge
transfer during distillation from a pre-trained mBERT teacher to a tiny student model. Mrk²i¢
et al. [71] learn specialized cross-lingual vector spaces by multilingual data training enhanced
with semantic relations from lexical resources. Most recent work crosses the language chasm
using multilingual pre-trained language models (e.g., mBERT [20, 21, 36], XLM-R [11, 36, 48, 128],
mT5 [108, 129]).

Similar to most recent work [108, 129], we choose a state-of-the-art multilingual pre-trained
language model (i.e., mT5) as our backbone for both better dialogue representation and language
transfer. But unlike the above approaches, (i) we generate pairwise language routes and focus on
how to learn the relationships between language pairs, and (ii) we aggregate language routes for
global optimization of multilingual TDSs.

2.2 Unity and diversity of languages

In bioscience [24] and linguistic studies [22, 25, 105, 109], both unity and diversity play key roles
for cross-linguistic variation in human languages.

ACM Trans. Inf. Syst., Vol. 1, No. 1, Article 1. Publication date: January 2024.
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Over time, languages generate biological or genetic relationships [29]. Linguists and language
institutions have conducted large-scale studies on language a�nity5 and the Ethnologue catalog.6

Generally, a language family tree is a common way to interpret genetic relationships that can reveal
the unity and diversity of languages [104]. Their basic assumption is that two languages belong to
the same language family if they are from a common ancestor, or one is descended from the other.

In modern linguistics, important research topics include universal grammar [18, 75] and linguistic
typology [79, 109, 114]. The former focuses on unity, in which all languages are treated as universal
components of the language faculty [18]. This is the theoretical basis of research on part-of-
speech tagging [6, 73], chunking [61, 64], and syntactic parsing [62, 68]. The latter emphasizes
diversity, which captures the structural di�erences of languages, as the principal bridge, to discover
universals [19]. Morphology is usually diverse across languages, and it is hard to �nd universals for
traditional linguistic typology [97]. The world language tree is constructed based on Levenshtein
distances, which de�ne the average number of edits needed to convert a source language to a target
language [72].

Language similarity has been a commonly used metric to quantitatively measure unity and
diversity in recent computational linguistics [2, 7, 112]. One branch of work measures language
similarity by their structural properties [16]. Bjerva et al. [4] de�ne language similarity based on
language structures, i.e., phrase structure trees and dependency relations. Oco et al. [78] compute
Dice's coe�cient to measure the similarity of eight Philippine languages based on the language
family tree in the Ethnologue. However, these approaches do not apply when the structure is
not available. Another branch of work measures language similarity as lexical overlap between
languages based on handcrafted cognates [77] or automatically extracted cognates [100]. Beinborn
et al. [3] identify cognates based on character-based machine translation. However, their methods
cannot compare the similarity of cognates without translation relationship (e.g., English �father�
and the Italian �padre�) [2]. To this end, most recent work encodes natural languages into high
dimensional vectors namely embeddings, e.g., word embeddings [96, 102] and word-based syn-
tax embeddings [50] and pretrained language models [42, 81]. Therefore, unity and diversity of
languages can be measured using similarity and dissimilarity of embeddings.

In this work, we conduct an analysis of multilingualTDSresults from the point of the view of
language characteristics, i.e., the unity and diversity of languages. We compare commonalities and
speci�cations of languages using multiple aspects, including visualization of word embeddings, as
well as genetic and embedding-based similarity metrics.

2.3 Multilingual TDS models

Monolingual TDSs have made considerable progress as reported in a large number of recent
publications [9, 74, 99, 124]. Many recent studies have built new datasets and/or tasks to advance
research on multilingualTDSs [21, 36, 80, 119]. However, it is hard to fairly compare with the
majority of approaches because they do not report results on those all datasets [91]. Besides, from
a technical perspective, understanding semantics is the heart of any dialogue systems [35]. Thus,
in this work, we mainly focus on a comparison of cross-lingual and multilingual models on two
commonly-used semantic understanding tasks (i.e., DST [71] and NLU [98]).

2.3.1 Cross-lingual models.Existing cross-lingual models mainly consider two key factors: dia-
logue representation and cross-lingual transfer. To conduct better language modeling, previous
studies utilize variants of sequential models. Upadhyay et al. [107] jointly train bilingual em-
beddings with a biRNN model for few-shot cross-lingualNLU. Liu et al. [56] equip a biLSTM

5http://www.linguaechristi.org/people-groups/
6https://www.ethnologue.com/browse/names
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model with latent variables and word pairs to re�ne the aligned cross-lingual word embeddings.
Schuster et al. [98] deploy a biLSTM-CRF model, where the cross-lingual transfer comes from
sharing between the biLSTM and CRF layer across languages. Liu et al. [57] develop a biLSTM,
transformer, and mBERT for sequence labeling tasks, and �nd that removing the word order can im-
prove cross-lingual performance. Several researchers generate code-switching sentences to enable
cross-lingual capabilities, by either replacing words [37, 58] or sentences [88] in target languages.
MultiATIS++ [119] learns slot alignment based on an mBERT encoder, machine translation, and
label projection. GlobalWoZ [21] introduces several data augmentation baselines for zero-shot and
few-shot cross-lingual learning on the proposed dataset. Siddhant et al. [101]gain cross-lingual
transfer capabilities by representations from a multilingual neural machine translation encoder.
Gritta and Iacobacci[27] use an auxiliary translation-based loss function to jointly learn with the
primary task. Xiang et al. [116] inject multi-granularity translation-based noise to improve the
robustness of cross-lingual task-oriented dialogues. Hung et al. [36] �netune the XLM-R model
with English and target languages in zero-shot and few-shot transfer settings. Li et al. [48] provide
several multilingual pretrained benchmarks such as XLM-R and mBAR, and evaluate them on the
multilingual ATIS and MTOP datasets for task-oriented semantic parsing. Very recently, Zuo et al.
[129]have applied mT5 with meta-learning on their unpublished dataset and Van et al. [108]simply
use mT5 as a state-of-the-art benchmark in their Vietnamese task-oriented dialogue dataset.

To sum up, the proposed methods enable transfer across languages using a variety of techniques,
including cross-lingual word embeddings [107], multilingual knowledge distillation [10], trans-
ferable latent variables [56], code-swtching [37, 58, 88], word alignment [58, 119], and machine
translation [27, 101, 116]. Most recent work bene�ts from these techniques and from pre-trained
multilingual language models such as mBERT [20, 21], XLM-R [36, 48, 128], and mT5 [108, 129].
However, many terms in low resource languages are not in the vocabulary of pre-trained language
models [63]. So cross-lingual transfer techniques (e.g., pairwise alignment of language states) are
still necessary in the presence of pre-trained language models.

2.3.2 Multilingual models.Only few previous studies target multilingualTDSmodels. An intuitive
solution is to train a single model on combined multilingual datasets and evaluate the model on test
data for all languages, respectively. Mrk²i¢ et al. [71] use constraints from monolingual and cross-
lingual synonymy and antonymy to �netune multilingual word embedding spaces and apply them
to the DSTtask. Schuster et al. [98] use a multilingual translation-based biLSTM encoder to learn
contextual word representations, evaluating on multiple languages. GlobalWoZ [21] introduces
several data augmentation baselines for zero-shot and few-shot cross-lingual learning on the
proposed dataset. Ding et al. [21] monolingual and cross-lingual use cases are parts of multilingual
TDSs and optimize for each use case separately. Recent work by Zuo et al. [129]reports a benchmark
of mT5 with meta-learning [23], however, neither the dataset nor the source code of the model is
publicly accessible.

None of the released models has modeled language relationships or conducted global optimization
for multilingual TDSs on public datasets, to the best of our knowledge. Unlike the majority of
classi�cation models, the proposed generation model (i.e.,MOLR) achieves competitive performance
and is able to predict out-of-ontology slot values as in [44, 115, 117].

Large language models (LLMs) have become more and more prevailing in the past few months.
We have been aware of this and are actively working towards extendingMOLRby integrating open-
sourced decoder-onlyLLMs. This initiative facilitates the seamless adoption of the most recentLLMs.
OpenChat3.5 [111] is a multilingual chat model �ne-tuned with the C-RLFT strategy on mixed-
quality data, achieving performance comparable to larger models like ChatGPT. BLOOM [46]
is pretrained on the multilingual ROOTS corpus, o�ering multilingual capabilities for various

ACM Trans. Inf. Syst., Vol. 1, No. 1, Article 1. Publication date: January 2024.
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natural language processing tasks. Llama2-Chat [106] is a pretrained and �ne-tuned generative text
model optimized speci�cally for multilingual dialogue tasks, ensuring high-quality conversational
responses. The sparse mixture-of-experts (MOE) language model Mixtral 8x7B [38] showcases
notable enhancements over its predecessor, Mistral 7B. Notably, the number of learnable parameters
inevitably increases 8-fold compared to its predecessor. We extendMOLRwith decoder-onlyLLM
backbones, however, the increasing number of parameters is only from pairwise-align layers, not
growing exponentially.

3 COLLABORATIVE MULTILINGUAL DIALOGUE FRAMEWORK

3.1 A unified task-oriented dialogue system

A dialogue consists of multiple turns between a user and a system. At theC-th turn, the user provides
an utterance* C, and the system produces a response' Cas a reply. To get high-quality responses' C,
a TDSis usually decomposed into four subtasks: natural language understanding (NLU), dialogue
state tracking (DST), dialogue policy learning (DPL) and natural language generation (NLG).

In this work, we unify aTDSwith a neural network5\ ¹�º parameterized by\ , which generally
contains (i) an input embedding, (ii) hidden states encoding, and (iii) output projection layers. This
neural network works with all subtasks in an end-to-end fashion. Speci�cally, we formulate the
four subtasks as follows.

3.1.1 Natural language understanding (NLU). TheNLUtask is the key component of a task-oriented
dialogue system responsible for extracting the meaning or intent from user utterances expressed in
natural language. It involves parsing and interpreting user inputs to identify the user's intention
and extract relevant entities necessary for completing the task. The types of the relevant entities
are slots. Given a current user utterance* Cas input, the model outputs intents�Cand slots( Cby:

�C• (C = 5\ ¹* Cº” (1)

3.1.2 Dialogue state tracking (DST). TheDSTtask serves to maintain an internal representation of
the current state, i.e., belief state, of the dialogue based on the information exchanged between
the user and the system. It involves tracking the user's goals, preferences, constraints, and other
relevant information throughout the conversation. Given a dialogue history� C = »* 1• (1• ” ” ” • *C¼
as input, the model outputs a belief state� Cby:

� C = 5\ ¹� Cº• (2)

which can be denoted as a set of triples representing slot-value pairs for a speci�c domain: (domain,
slot_name, value).

3.1.3 Dialogue policy learning (DPL). TheDPLtask aims to the process of learning optimal policies
for managing the dialogue �ow and making decisions on system actions. It involves learning a
policy that maps the current dialogue state to the most appropriate system action, considering
the system's goals and user preferences. Given dialogue history� C, belief states� C, and retrieval
records from database� Cas input, the DPL outputs system actions by:

� C = 5\ ¹»� C; � C; � C¼º• (3)

which is a list of triples representing as (domain, action_type, slot_name).

3.1.4 Natural language generation (NLG). NLG task refers to the process of generating natural
language responses or utterances based on the dialogue context, such as dialogue history, dialogue
state, and system actions. It aims to generate coherent and �uent natural languages that can be

ACM Trans. Inf. Syst., Vol. 1, No. 1, Article 1. Publication date: January 2024.
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communicated to the user. Given dialogue history� C, belief states� C, retrieval records from
database� C, and system actions� Cas input, the model outputs a response' Cby:

' C = 5\ ¹»� C; � C; � C; � C¼º” (4)

To unify the above subtasks, we tackle them as a sequence-to-sequence generation task [32]. The
input of all tasks is a sequence of tokens that are aggregated from the concatenation of input
sources, i.e.,»* C¼, »� C¼, »� C; � C; � C¼ »� C; � C; � C; � C¼for NLU, DST, DPL, NLG, respectively.

3.2 Monolingual and cross-lingual expert agents

We use mT5 [120] as our backbone following conditional causal language modeling [121], which
adopts a transformer-based encoder-decoder model to learn a mapping5 from an input sequence
X1:= = ¹x1•x2• ” ” ” •x=º to a target sequenceY1:< = ¹y1•y2• ” ” ” •y< º, i.e.,5\ enc•\ dec : X1:= ! Y1:< , by
the following conditional probability distribution:

?\ enc•\ dec¹Y1:< j X1:=º” (5)

For each input sequence, the encoder converts- 1:= to the corresponding hidden states~X1:= =
¹ ~x1• ~x2• ” ” ” •~x=º, the encoder is represented as5\ enc : X1:= ! ~X1:=, formally, the probability can be
computed as:

?\ enc¹ ~X1:= j X1:=º” (6)
Mathematically, the decoder learns the probability distribution of. 1:< given� 1:=, i.e.,?\ ¹Y1:< j
~X1:=º. Using Bayes's rule, the distribution can be decomposed into conditional distribution over the
vocabularyV at the 9-th timestamp token in the target sequence by:

?\ 342 ¹Y1:< j ~X1:=º =
<Ö

9=1

?\ 342 ¹y9 j Y0:9� 1• ~X1:=º• (7)

wherey0 denotes the0-th target vector that represents the vector of the special �begin-of-sentence�
token [BOS]. The model can be learned by minimizing the cross-entropy loss as follows:

L expert= �
#Õ

8=1

=8Õ

9=1

y8
9 log?\ ¹y8

9 j Y8
0:9� 1• ~X8

1:=º• (8)

where# denotes the batch size and=8 denotes the length of the8-th target sequence.
For a monolingual agent, both the input sequenceX1:= and the target sequenceY1:< are in the

same language. For a cross-lingual agent, the input sequenceX1:= and the target sequenceY1:< are
from two di�erent languages.

3.3 Multilingual agents with mixture-of-languages routing

We introduce the work�ow of the mixture-of-languages routing (MOLR) model as shown in Figure 3,
considering theDSTtask as an example. First, we follow T5's modeling of pre�x and use �[TASK]�
as the class label [90] and extend each raw input with a task-speci�c pre�x in the following format:

[TASK] [Pivot-language] [Target-language]: [Source-language-input]

Note that if [Pivot-language] and [Target-language] are identical, then the processed data is
monolingual data, otherwise it is cross-lingual data. Then, the processed inputs pass through the
input embedding layers followed by a language model, and they are transformed into language-
speci�c hidden states. Next,MOLRuses a learnable matrix to conduct pairwise alignment for every
two language-speci�c hidden states. Last,MOLRadopts mixture-of-languages policies to integrate
all states from multiple routes between or across multiple languages. To be more speci�c, we
implement the input embeddings layers and the language model based on mT5, the state-of-the-art
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pretrained language model and introduce pairwise alignment and mixture-of-languages routing as
follows.

3.3.1 Pairwise alignment.Recall that in Eq. 7, the: -th monolingual model outputs the probability
over the vocabularyV at the 9-th timestamp by:

?:
\ 342

¹y9 j Y0:9� 1• ~X1:=º = so‰max¹5\ dec¹Y0:9� 1• ~X1:=ºº

= so‰max¹k \ task¹ ~y:
9ºº

= so‰max¹W>
emb~y:

9º

= so‰max¹»y1•y2• ” ” ” •y jV j ¼> ~y:
9º•

(9)

where softmax(�) is the activation function that scales logits into probabilities,~y:
9 2 R3 represents

the decoded hidden state at the9-th timestamp from a language model. Here, we use a pre-trained
language model mT5.k \ task denotes the task layer andWemb = »y1•y2• ” ” ” •y jV j ¼ 2RjV j � 3 is the
word embedding matrix.

Given any two monolingual models for languages;0• ;1, the hidden states can be denoted as~y00
9

and ~y01
9 . Given a learnable matrixM0! 1

9 2 R3� 3 that transforms the decoded hidden states fromy0
9

to ~y01
9 , and vice versa, formally, we can denote the pairwise alignment as:

~y01
9 = M0! 1

9 ~y0
9 2 R3•

~y00
9 = M1! 0

9 ~y1
9 2 R3 ”

(10)

The bene�t of this transition is that we can learn the hidden state of language1 even though we
only have the training data of language0 and vice versa.

3.3.2 Mixture-of-languages routing.To learn from a mixture of language routes, we utilize two
collaboration policies, i.e., route-addressing and parameter-sharing.

Route-addressing.Let � = »~y0
9; ~y00

9 ; ~y1
9; ~y01

9 ; ” ” ”¼ 2R; � 3 ( ;
2 is the number of languages and3 is

the dimension), andW@•W: •WE 2 R3� 3 be the matrices for query&, key , and value+ . Each
� is associated with a query& and a key-value pair¹ •+ º. The computation of an attentive
representation� of y9 in the self-attention is:

& = W@� 2 R; � 3•  = W: � 2 R; � 3•+ = WE� 2 R; � 3•

� = so‰max¹U� 1& > º 2 R; � ;•

~y9 = q¹�+ º 2 R3•

(11)

where� is the attended output and� is the attention distribution that attends to+ , U is a scaling
factor, andq is a linear layer followed by the accumulation of attended values, parameterized by\ .

Parameter-sharing.For the same task and the same language, all the model parameters are
shared, otherwise only the parameters\ task in a task layerk (see Eq. 9) are not shared, and the
other parameters in the model are shared. In the shared modules, we aim to learn a common
space representation for all tasks. This policy serves as regularization and alleviates the over�tting
problem, as the model learns a representation that generalizes to all tasks.

3.4 Extension of decoder-only large language models

With the emergence ofLLMs and the prevalence of applications such as ChatGPT, decoder-only
architectures have become highly popular [28, 125]. We extend the proposed framework by incor-
porating decoder-onlyLLMs as backbones that adhere to causal language modeling. We follow the
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LLM's routine and treat it as an instruction-following task. First, we prepare the raw data with the
following format:

Instruction : [Route-id][Pivot-language][Target-language][Task-prompt]
Input : [Raw-input]
Output : [Raw-output]

where �[Route-id]� serves as the special token used to identify each type of language route. It plays
a crucial role in determining the information �ow, ensuring e�ective learning by considering both
speci�cation and generalization of linguistic features." �[Task-prompt]� refers to an instance of a
prompt designed to leadLLMs to accomplish a speci�c task. The details of the prompt are listed in
Table 11, Appendix A. Similarly, the processed inputs pass through the input embedding layers
followed by a decoder-onlyLLM, and they are transformed into language-speci�c hidden states. Last,
MOLRemploys a mixture-of-languages policies to integrate states from multiple routes, whether
between or across multiple languages. More speci�cally, we implement the input embedding layers
and a state-of-the-art decoder-onlyLLM (e.g., LLaMa2-Chat [106], Bloom [46], OpenChat3.5 [111])
capable of supporting the candidate languages. Subsequently, we introduce pairwise alignments
and mixture-of-languages routing as enhancements. Then, we perform parameter-e�cient �ne-
tuning (PEFT) with low-rank adapters (LoRAs) [34] on a LLM using the aforementioned data.

4 EXPERIMENTAL SETUP

4.1 Research questions

We seek to answer the following questions in the experiments:
(RQ4.1) Does the mixture-of-languages routing (MOLR) model improve the performance of mono-

lingual and multilingual models?
(RQ4.2) How do language characteristics in�uence the performance ofMOLRmodels? (i) How to

qualitatively analyze language unity and diversity? (ii) How to quantify language unity and
diversity? (iii) How do language unity and diversity in�uence the mixture-of-languages?

(RQ4.3) How do the key components in�uence the performance ofMOLRmodels? (i) How do
di�erent combination policies in�uence the MOLR model? (ii) How do di�erent number
of layers of expert agents in�uence the gains of the MOLR model?

(RQ4.4) Can the MOLR framework be e�ectively adapted to the new era of decoder-only LLMs?

4.2 Datasets and evaluation

We conduct a large number of experiments on two benchmark datasets for the following multilingual
TDS tasks to fairly compare with the majority of prior approaches [91].

4.2.1 Dialogue state tracking (DST) and natural language generation (NLG). The multilingualDST
dataset [71] is extended from the WOZ 2.0 dataset [113] by manually translating English into Italian
and German, respectively. For each language, the dataset contains 1200 multiple-turn dialogues in
the restaurant domain, and it is split into 600, 200, 400 dialogues for training, validation, and testing.
The dataset contains 4 types of goal-related slots: 3 informing slots (i.e., food, price range and area)
to track a user's search constraints, and 1 request slot (i.e., request) to track a user's questions about
the search results. The evaluation metrics for the DST task are:

� Joint goal accuracy, which measures the proportion of dialogue turns where all search
constraints exactly match the ground truth on the test set.

� Request accuracy, which represents the proportion of dialogue turns where all the user
questions are recognized correctly.

The evaluation metrics for the NLG task are:
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� BLEU-4, which measures precision and calculates the ratio of 4-grams in the generated
responses that match those in the reference responses.

� ROUGE-L, which measures recall and calculates the ratio of longest common subsequences
in the reference responses that are captured by the generated responses.

4.2.2 Natural language understanding (NLU). The multilingualNLUdataset [98] consists of 43k,
8.6k, and 5k single-turn dialogues in English, Spanish, and Thai, respectively, covering 3 domains
(weather, alarm, and reminder). The dataset has 12 types of intents and 11 types of slots. The
evaluation metrics are:

� Intent accuracy, which indicates the proportion of the correctly identi�ed intents.
� Slot F1, which is the geometric mean of the precision and recall for slot �lling.

4.2.3 Language similarity metrics.We propose language similarity metrics to compare the similarity
of any two languagesU• Vfrom a genetic and semantic point of view. A higher degree of similarity
denotes a higher degree of language unity, while a smaller degree of similarity denotes a higher
degree of language diversity. To compare phylogenetic relationships, the Robinson-Foulds distance
is the most widely used metric [82]. To measure semantic similarity, word and sentence embeddings
are widely used in modern NLP tasks [7].

� Genetic similarity, which de�nes the similarity of any two languages based on their Robinson-
Foulds distance (RFD)7 in language family trees. Here we de�ne it asq64=4C82¹U• Vº = 1

RFD¹U•Vº¸ 1
if they have at least one ancestor, otherwiseq64=4C82¹U• Vº = 0. RFD¹�•�º counts the number of
unique entries that are not in common in the classi�cation based on the Ethnologue catalogue
(see Table 1).

� Word similarity, which measures the parallel degree of two languages using the cosine
similarity of the centroid word embeddings of the datasets, i.e.,qF>A3¹U• Vº = cos¹" � •# � º.
We compute the centroid of word embeddings" � •# � as the mean of all word embeddings.

� Sentence similarity, which measures the parallel degree of two languages as the cosine
similarity of the centroid sentence embeddings in the datasets, that is,qB4=C4=24¹U• Vº =
cos¹" � •# � º. A language can be represented by the mean of all sentence embeddings in a
dataset. We compute the centroid of word embeddings" � •# � as the mean of all sentence
embeddings. Here we use the embedding of the �[TASK]� token at the beginning of in a
sentence as its sentence embedding.

4.3 Language routes of mT5 and variants

Recall that a language route is a path starting from a source language to a target language, passing
through a pivot language. We format all language routes of mT5 and its variants in Table 2. The
notation � ¹�º, � ¹�º, ) ¹�º, and" ¹�º indicates input layers, hidden layers, task layers, and mapping
layers (see Section 3.2 and 3.3). In this work, we develop� ¹�º and � ¹�º with a language model
(Eq. 5) and" ¹�º for pairwise alignment (Eq. 10). To be more speci�c, we have the following types
of language routes for mT5 and its variants:

� mT5: single language route for monolingual models.
� mT5+bDA: double language routes for training a single model with bilingual data.
� mT5+bMOLR: quadruple language routes for training a bilingual model with bilingual data.

There are two monolingual routes and two cross-lingual routes.
� mT5+bDA: multiple language routes for training a single model with multilingual data. Here

we use triple language routes.

7https://en.wikipedia.org/wiki/Robinson%E2%80%93Foulds_metric
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Table 2. Language routes of the proposed models given any three languagesU, V,Wwith DSTor NLU as a
[TASK].

Model Setting Language routes

mT5
Single
language route

»TASK¼»U¼»U¼: � ¹Uº ! � ¹Uº ! ) ¹Uº

mT5+bDA
Double
language routes

»TASK¼»U¼»U¼: � ¹Uº ! � ¹Uº ! ) ¹Uº
»TASK¼»V¼»V¼: � ¹Vº ! � ¹Vº ! ) ¹Vº

mT5+bMOLR
Quadruple
language routes

»TASK¼»U¼»U¼: � ¹Uº ! � ¹Uº ! ) ¹Uº
»TASK¼»V¼»V¼: � ¹Vº ! � ¹Vº ! ) ¹Vº
»TASK¼»V¼»U¼: � ¹Uº ! � ¹Vº ! " ¹V ! Uº ! ) ¹Uº
»TASK¼»U¼»V¼: � ¹Vº ! � ¹Uº ! " ¹U ! Vº ! ) ¹Vº

mT5+mDA
Multiple
language routes

»TASK¼»U¼»U¼: � ¹Uº ! � ¹Uº ! ) ¹Uº
»TASK¼»V¼»V¼: � ¹Vº ! � ¹Vº ! ) ¹Vº
»TASK¼»W¼»W¼: � ¹Wº ! � ¹Wº ! ) ¹Wº

mT5+mMOLR
Multi-hop
language routes

Hop 1:
»TASK¼»W¼»W¼: � ¹Wº ! � ¹Wº ! ) ¹Wº
»TASK¼»V¼»V¼: � ¹Vº ! � ¹Vº ! ) ¹Vº
»TASK¼»V¼»W¼: � ¹Wº ! � ¹Vº ! " ¹V ! Wº ! ) ¹Wº
»TASK¼»W¼»V¼: � ¹Vº ! � ¹Wº ! " ¹W! Vº ! ) ¹Vº
Hop 2:
»TASK¼»U¼»U¼: � ¹Uº ! � ¹Uº ! ) ¹Uº
»TASK¼»V¼»V¼: � ¹Vº ! � ¹Vº ! ) ¹Vº
»TASK¼»V¼»U¼: � ¹Uº ! � ¹Vº ! " ¹V ! Uº ! ) ¹Uº
»TASK¼»U¼»V¼: � ¹Vº ! � ¹Uº ! " ¹U ! Vº ! ) ¹Vº

� mT5+bDA: multi-hop quadruple language routes for training a multilingual model with
multilingual data in multiple stages. Here we use two stages of quadruple language routes. The
model from Hop1 is used as a pre-trained model for Hop2. A �hop� refers to a set of language
routes between two languages, a stage in a multi-stage process of training a multilingual
model using multilingual data (see Table 2).

4.4 Baselines

For theDSTtask, we consider four groups of baselines, depending on the base model that they use:
(i) based on neural belief tracker (NBT), (ii) based on global-locally self-attentive dialogue state
tracker (GLAD), (iii) based on bidirectional encoder representations from transformers (BERT), and
(iv) based on cross-lingual language model pretraining (XLM). The selection is based on recent
DSTmodels that regard English, German, and Italian as target languages, and report comparable
results on the multilingual DST dataset [71].

For theNLUtask, we also consider four groups of baselines, depending on the base model that
they use: (i) based on recurrent neural networks (RNNs), (ii) based on transformers, (iii) based on
bidirectional encoder representations from transformers (BERT), and (iv) based on cross-lingual
language model pretraining (XLM). The selection is based on recentNLU models that regard
English, Spanish, and Thai as target languages, and report comparable results on the multilingual
DST dataset [98].
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4.5 Implementation details

We use a pre-trained model mT5-small from the Huggingface library.8 It consists of 8 layers of
transformer blocks for both encoders and decoders. Each attention module has 6 attention heads
and the scaling factorU is 1. The total number of parameters is about 300 million. We set the
training epochs to 60. We use the AdamW optimizer [59] with the default learning rate of 1e-5.
We use a linear scheduler with 2,000 warmup steps. In theDSTtask, we set the batch size to 6 and
gradient accumulation to 2. In theNLU task, we set the batch size to 16 and gradient accumulation
to 1.

The implementation of the extended framework uses decoder-onlyLLMs as backbones, which
are open-resourced and capable of supporting the candidate languages. For example,Llama-2-
7b-chat-hf ,9 Bloom-7b1,10 andOpenChat3.511 available through the Huggingface library. The
total number of parameters is about 7 billion. We performPEFTwith LoRA[34] and integrate
MOLRinto the LLaMA Board [31]. Speci�cally, the maximum sequence length is 1024 and the
learning rate is 1e-05. TheMOLRmodels are trained for 10 epochs with a per-device batch size of
8, and accumulated gradients every 4 steps. A cosine learning rate scheduler is employed, with a
maximum gradient norm of 1.0. We log results every 5 steps and save model checkpoints every 100
steps. Warm-up steps are set to 2000.LoRAis used with a rank of 8 and a dropout rate of 0.1 for
regularization. The monolingual models are trained with the same settings excluding the number
of epoch as 60. All experiments are run on NVIDIA GeForce RTX 4090 24GB and NVIDIA A100
SXM4 40GB GPUs.

5 RESULTS

We show experimental results to answer the research questions in Section 4.1.

5.1 Main results (RQ4.1)

We compare the performance ofMOLRmodels with the existing monolingual models and multilin-
gual models on both the DST (see Table 3) and the NLU (see Table 4) task.

5.1.1 MOLRimproves both monolingual and multilingual DST.From the results for theDSTtask in
Table 3, we have the following observations.

First, the mT5 models withMOLRoutperform all monolingual and multilingual baselines for
German and Italian. They also achieve higher scores than most of the scores reported for English.
Speci�cally, mT5+bMOLR signi�cantly outperforms mT5 by 1.89%/2.56%/0.67% of joint goal ac-
curacy and 0.3%/0.73%/1.09% of request accuracy for English/German/Italian. The improvements
demonstrate the e�ectiveness ofMOLR. We believe the main reason is thatMOLRis able to ex-
plore pairwise relationships between languages and to fully make use of multilingual data for
global optimization. Although XQA-DST and DistilledBERTy achieve slightly higher results than
mT5+bMOLR for English in terms of joint goal accuracy (+0.54%) and request accuracy (+0.38%),
the predictive space is much smaller thanMOLRmodels. This is mainly because QA-DST and
DistilledBERTy are classi�cation models; in contrast, the MOLR models are generation models.

Second, mT5 is the state-of-the-art base model compared with all types of base models. More
precisely, mT5 (89.53%) achieves the highest joint goal accuracy for English, followed by XLM-
R-DST (88.50%), GLAD (88.10%), BERT (87.70%), NBT (84.20%). mT5 dramatically improves the

8https://huggingface.co/google/mt5-small
9https://huggingface.co/meta-llama/Llama-2-7b-chat-hf
10https://huggingface.co/bigscience/bloom-7b1
11https://huggingface.co/openchat/openchat_3.5
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Table 3. Comparison of dialogue state tracking (DST) models for supervised learning using English, German,
and Italian as target languages. In the cells with results, the numbers before and a�er �/� denote joint the goal
accuracy and request accuracy, respectively. The boldface indicates leading results. As multilingual se�ings
are under-explored in the baselines models, we reproduce several competitive baselines for comparison. These
results are marked using �*�.

Joint Goal/Request Accuracy (%)

DST Models Settings English German Italian

NBT
NBT [69] NBT w/CNN encoder 84.20/91.60 � �
NBT-DNN [69] NBT w/DNN encoder 84.40/91.20 � �
NBT+SSU [70] NBT+statistical state update 84.80/� 68.10/� 76.10/�
StateNet [94] NBT+LSTM-based state update 88.90/� � �
NBT+Morph [110] NBT+morphology �ne-tuning � 66.30/� 78.10/�
NBT+mDA [71] NBT+multilingual data augmentation 82.80/� 57.70/� 77.10/�

GLAD
GLAD [127] Global-locally self-attentive DST 88.10/97.10 � �
GCE [76] GLAD+globally-conditioned encoder 88.51/97.38 � �
GLAD+DA [123] GLAD+paraphrase data augmentation 88.00/� � �
GLAD+RDA [123] GLAD+DA+reinforcement learning 90.70/� � �

BERT
BERT [8] BERT context encoder 87.70/� � �
BERT+RNN [47] BERT context encoder+RNN state decoder 89.20/� � �
BERTy [45] BERT context & candidate encoder 90.50/97.60 � �
DistilledBERTy [45] Distilled variant of BERTy 90.40/97.7053.28*/93.01* 67.92*/95.26*
SUMBT [47] BERT+RNN+slot-utterance attention 91.00/� � �

XLM
XLM-R-DST [128] XLM-R context encoder with 270M parameters 88.50/� � �
XQA-DST [128] XLM-R+value span extraction 92.38/� � �

T5 (Ours)
mT5 Multilingual T5 with 300M parameters 89.53/97.02 79.06/95.92 87.58/95.44
mT5+bMOLR mT5+bilingual mixture-of-languages routing 91.42/97.32 81.62/96.65 88.25/96.53
mT5+mMOLR mT5+multilingual mixture-of-languages routing91.84/97.02 81.56/97.02 87.77/96.41

existing reported results on German and Italian. Speci�cally, it increases 10.96% and 9.48% over the
best NBT results on German and Italian, respectively.

Third, pairwise alignment brings consistent improvement.MOLRimproves over mT5 in all
settings. However, NBT+mDA decreases the joint goal accuracy by 1.40% for English compared
with monolingual NBT. The bene�t of multilingual data for training appears to be limited without
modeling the language relationships. When adding more languages, mT5+mMOLR achieves slight
changes: Compared with mT5+bMOLR,mT5+mMOLRimproves the joint goal accuracy by 0.42% in
English and the request accuracy by 0.37% in German, but slightly drops in the remaining settings.

Fourth, global optimization of multilingualDSTis still underexplored. NBT+Morph �netunes
German and Italian model with multilingual word embeddings. NBT+mDA uses multilingual data
during training for global optimization. However, recent models ignore the performance on German
and Italian. This might be because most research is English-centered: either English models or
cross-lingual adaptation from English to other languages.
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Table 4. Comparison of natural language understanding (NLU) models for supervised learning using English,
Spanish, and Thai as target languages. In the cells with results, the numbers before and a�er �/� denote intent
accuracy and slot F1 score, respectively. Boldface indicates leading results.

Intent Accuracy/Slot F1 (%)

NLU Models Settings English Spanish Thai

RNNs
biLSTM [57] biLSTM for only target language �/94.87 � �
biLSTM-CRF [98] Monolingual biLSTM with CRF layer 99.11/94.81 97.26/80.95 95.13/87.26
CoVe [98] biLSTM-CRF based NMT to English � 97.81/82.55 96.87/90.60
mCoVe [98] Multilingual CoVe [66] � 97.82/82.49 96.98/91.22
mCoVe+Auto [98] mCoVe with autoencoder objective � 97.90/82.13 96.87/91.51

Transformers
Transformer [57] Transformer w/frozen word embeddings �/94.93 � �

BERT
mBERT [57] mBERT �ne-tuning �/95.97 � �
mBERT+DA [93] mBERT+ monolingual data augmentation � 98.20/84.27 91.42/59.68

XLM
XLM-R [27] XLM-R encoder with 270M parameters � 98.70/89.10 96.80/93.10
XLM-R+TA [27] XLM-R+translation alignment loss 99.30/96.60 98.80/89.8097.80/94.40

T5 (Ours)
mT5 Multilingual T5 with 300M parameters 99.35/96.40 98.68/88.45 97.52/89.48
mT5+bMOLR mT5+bilingual mixture-of-languages routing 99.29/96.4999.08/89.59 97.28/94.81
mT5+mMOLR mT5+multilingual mixture-of-languages routing99.40/96.50 98.88/90.21 97.70/94.61

5.1.2 MOLRimproves monolingual and multilingual NLU.From the results on theNLU task in
Table 4, we have the following observations.

First,MOLRmodels outperform or are on par with all monolingual and multilingual baselines
for English, Spanish, and Thai. Particularly, mT5+bMOLR and mT5+bMOLR improve over mT5
by 5.32%/1.14% and 5.13%/1.75% of slot F1 for Thai and Spanish. The improvements prove the
e�ectiveness ofMOLR. The gain ofMOLRis limited in other settings, including evaluation results
on English and intent accuracy. The general improvement is smaller than 0.5%. One reason is that
the volume of data is already su�cient for good intent identi�cation. For example, biLSTM-CRF
achieves 99.11% of accuracy on intent identi�cation and 94.81% of slot F1 for English. Thus, the
performance of slot �lling leaves more room for improvement than intent identi�cation. Another
reason is that the extra information from low-resource languages (e.g., Spanish and Thai when
used in combination with English) is quite limited. For example, in theNLU dataset, only 11.7%
and 20.0% of the utterances are parallel with English, respectively, which is al that is available to
help improve the English model. In contrast, the rest of the non-parallel English utterances can
bring new information to the low-resource languages.

Second, mT5 is the state-of-the-art base model compared with all types of base models similar to
DST(see Table 3). Speci�cally, mT5 (96.40%) obtains the highest slot F1 for English, followed by
mBERT (95.97%), transformers (94.93%) and biLSTM (94.87%). XLM-R is as competitive as mT5, but
we choose mT as our backbone considering both theDSTperformance and the generation bene�t
(i.e., out-of-ontology prediction).

Third, pairwise alignment brings consistent improvements for slot �lling. Compared with mT5,
mT5+bMOLR improves 5.32%, 1.14%, 0.09% of slot F1 for Thai, Spanish and English, respectively.
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Adding more languages to mT5+bMOLR, mT5+mMOLR brings a small increase for most settings,
except for a small decrease in slot F1 for Thai (-0.2%). Similarly, it depends on how much meaningful
information a new language can bring to learn better relationships.

Fourth, global optimization of multilingualNLUis still underexplored. Even for language-speci�c
optimization, biLSTM-CRF and XLM-R+TA are the only approaches for which results are reported
on all languages, to the best of our knowledge. This might be because most prior research focuses
on cross-lingual adaptation from English to other low-resource languages in the NLU dataset.

5.2 Analysis of language characteristics (RQ4.2)

In Section 5.1, we observe that the overall performance varies a lot for di�erent languages. In
this section, we �rst analyze the language characteristics (i.e., unity and diversity) in depth by
visualizing the word embeddings, as well as genetic, word, and sentence similarities of di�erent
languages. Then we analyze the gains on di�erent languages in di�erent settings.

5.2.1 �alitative analysis of the unity and diversity of languages.See Figure 4 for visualizations of
the word embeddings of mT5+mMOLR in theDSTandNLUdatasets, before and after �ne-tuning,
respectively. We aim to understand howMOLRin�uences the unity and diversity of languages
qualitatively.

First, di�erent languages have both similar and dissimilar words in the semantic embedding
space. Speci�cally, some data points from di�erent languages are very close to each other while
other data points are far away and located in an isolated cluster. For example, parts of English and
German points are mixed up while other sets of German data points are concentrated in an isolated
area.

Second, similarities between languages are very di�erent for di�erent language pairs. For example,
the boundaries between English and German, and between English and Italian are not obvious;
in contrast, the boundaries between Thai and English, and Thai and Spanish are quite clear.
This indicates that English, German, and Italian are quite similar to each other, while Thai is an
independent and distinct language that is not similar to English and Spanish. Besides, Thai is closer
to English rather than Spanish; the English cluster seems to separate Thai and Spanish.

Third, the relative relationships are not changed before and after �ne-tuning. InDST, English,
German, and Italian points are mixed together with a small isolated cluster of German points. In
NLU, English and Spanish have both shared and non-shared areas, while the majority of Thai points
are in an isolated cluster. This shows that English, German, and Italian have more unity while Thai
has more diversity compared with English and Spanish.

5.2.2 �antitative analysis of the unity and diversity of languages.As shown in Table 5, we evaluate
the unity and diversity of languages by three similarity metrics, i.e, genetic similarity, word
similarity, and sentence similarity based on word embeddings of mT5 model in the datasets. We
aim to quantify the unity and diversity of language and use the similarity order to analyze our
MOLR models in the next section.

First, (EN, DE) are the most similar language pair in terms of genetic similarity, followed by
(EN, IT), (DE, IT), (EN, ES). Second, (ES, TH) are more similar than (EN, TH) in terms of word
and sentence similarity. Last but not least, considering the similarity in one aspect is not always
meaningful. For example, the comparison of genetic similarity is invalid for �(EN, TH)� and �(ES,
TH)�, and word similarity of �(EN, DE)� and �(EN, IT)� has very little di�erence. Another example is
that the order of sentence similarity is inconsistent with that of word similarity. Unlike inNLU, the
di�erence in word similarity in DSTis small, which might increase the di�culty of distinguishing
between sentence embeddings. Hence, it is important to consider all similarity metrics. In this
work, we sort the similarity degree of all language pairs in descending order as:
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