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Generic Mechanism for Reducing Repetitions in
Encoder-decoder Models
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Hiroya Takamura''t and Manabu Okumuraf

Encoder-decoder models have been commonly used; they have achieved state-of-the-
art results for many natural language generation tasks. However, according to the
reports of previous studies, encoder-decoder models suffer from generating redun-
dant repetitions. Thus, we herein propose a repetition reduction module (RRM) for
encoder-decoder models that estimates the semantic difference of a source sentence
before and after it is fed into the model to capture the consistency between the two
sides. As an autoencoder, the proposed mechanism supervises the training of encoder-
decoder models to reduce the number of repeatedly generated tokens. The evaluation
results of the publicly available machine translation and response generation datasets
demonstrate the effectiveness of our proposal.
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1 Introduction

Sequence-to-sequence (seq2seq) models (i.e., encoder-decoder models) are a dominant paradigm
in various natural language generation tasks such as machine translation (Luong et al. 2015b;
Tu et al. 2016), text summarization (Kiyono et al. 2018; Li et al. 2017), and response generation
(Miller et al. 2017; Pasunuru and Bansal 2018).! However, Mi et al. (2016) reported that basic
seq2seq models (Bahdanau et al. 2015; Luong et al. 2015b) sometimes suffer from the repetition
problem, which is the generation of duplicate fragments. Several studies have been conducted
to explain the issue of repetition. For instance, Holtzman et al. (2020) established different
probability distributions between natural-language text and beam-search-decoded text. Counter-
intuitively, the models would assign a higher probability to generic, repetitive, and awkward texts

than to grammatical or natural texts. This causes repetition when a maximization-based decod-
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ing method is used. Fu et al. (2021) claimed that many words predicted the same next word
with a high probability, which caused a tendency for the word and formed repetitions. Xu et al.
(2022) observed that the model had a strong preference to repeat the previous sentence. This
preference is stronger when providing natural text rather than random text. Tu et al. (2016) and
Mi et al. (2016) claimed that the attention mechanism for the seq2seq model did not explicitly
consider which source side tokens had already been covered in the past attentions. Thus, the
decoder repeatedly attended to the translated source token during the decoding steps, which led
to redundant generation. Following Tu et al. (2016) and Mi et al. (2016), this study regarded
over-considered attention to source tokens as the main cause of the repetition problem when
using the seq2seq model.

Several researchers have proposed variants of the seq2seq model to address redundant rep-
etitions. The coverage mechanism (Tu et al. 2016; Mi et al. 2016) prevents the model from
generating redundant outputs by considering the coverage of the attention distribution. These
approaches can be easily incorporated into the seq2seq model with a single attention distribution
between the encoder and the decoder. However, for seq2seq models with multiple attentions such
as the transformer (Vaswani et al. 2017), calculating the coverage of attention is intractable be-
cause the encoder attempts to attend to multiple attentions on each layer in the decoder. Thus,
incorporating the coverage mechanism into multi-attention-based seq2seq models is challenging.

Additionally, Suzuki and Nagata (2017) proposed word-frequency estimation (WFE), which
predicts the upper-bound frequency for each output token from given input tokens to control
redundancy in the output. Furthermore, Kiyono et al. (2018) proposed a source-side prediction
module (SPM) that estimates the occurrences of input tokens from the hidden states of the
decoder in the seq2seq model to reduce repetition. The SPM works as an autoencoder (Bengio
et al. 2009) to encode and reconstruct the input word frequency to supervise model training.
Although WFE and SPM do not depend on the structure of the seq2seq model, it is difficult to
apply them to tasks other than text summarization because they assume that the input sentence
contains more tokens than the output. In addition to the SPM, several studies have proven
the effectiveness of using autoencoders to learn semantic representations and supervise model
training in natural language generation tasks (Ma et al. 2018; Luo et al. 2018; Liu et al. 2019).

To address these problems, inspired by previous research (Tu et al. 2016; Kiyono et al. 2018;
Ma et al. 2018), we herein propose a generic approach, RRM, to supervise the attention distri-
bution for the seq2seq model. The RRM shares the model architecture with the seq2seq model
and functions as an autoencoder to focus on the differences between the embedding spaces of

the source and target sides. Based on the assumption of distributional semantics, RRM regards
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German-English translation

Short

Medium

Long

die einzige wahre wahl war
&quot; wer &quot; , nicht
wann , und nicht was sie

wir nehmen also etwas sehr kom-
pliziertes , wandeln es in tone um , eine

sequenz von ténen , und produzieren

sie ist ein prozess , und manchmal funktioniert er und
manchmal nicht , aber die idee , dass wir der wis-

senschaft nicht erlauben sollten , ihre arbeit zu tun

Source danach taten . damit etwas sehr kompliziertes in den | , weil wir angst haben ist eine wirkliche sackgasse ,
kopfen von anderen . und sie halt millionen von menschen vom aufblithen
ab .
the only real choice was who | but we ’'re taking something very com- | it &apos;s a process , and sometimes it works and
, not when , and not what | plicated , turning it into sound , se- | sometimes it doesn &apos;t , but the idea that we
Reference you did after . quences of sounds , and producing | should not allow science to do its job because we
something very complicated in your | &apos;re afraid , is really very deadening , and it
brain . &apos;s preventing millions of people from prosper-
ing .
the only real choice was who | so we take something very compli- | it &apos;s a process , and sometimes it doesn &apos;t
, not when , not when , and | cated we turn it into sound , | work and sometimes it doesn &apos;t work , but the
LocalJoint not what they did after that | we turn it into sound sequence , and | idea that we shouldn &apos;t allow science to do their

we produce something very compli- | work , because we &apos;re afraid to have a real dead

cated in the head of others . end , and it keeps millions of people from flourishing

the only real choice was | so we take something very complicated | it &apos;s a process , and sometimes it works and

&quot; who , &quot; not | , we turn it into sound , a sequence of | sometimes it doesn &apos;t , but the idea that we
+RRM | when , and not what they | sound , and we produce something very | shouldn &apos;t allow science to do its job because
did after that .

complicated in the head of others . we &apos;re afraid is a truly dead end , and it keeps

millions of people from flourishing .

Table 1 Sample translations for short, medium, and long data. Underline indicates repetitions with
more than two words and bold indicates wrong translations. Scaling factor a for balancing
losses of the proposed repetition reduction module (RRM) and a baseline model, LocalJoint,

was fixed to 0.3, which yielded the least repeat on the validation dataset.

the representations of an input sentence on both sides as word vectors and attempts to minimize
their differences during training. Hence, the seq2seq model explicitly considers the source-side
context in the decoder.

Our experimental results on the IWSLT 2014 German-to-English translation task (Cettolo
et al. 2014), WMT 2014 English-to-German translation task (Bojar et al. 2014), and PERSONA-
CHAT response generation task (Zhang et al. 2018) demonstrate that the proposed method
effectively alleviates the nonconsecutive repetition problem for the seq2seq model. Sample trans-

lations are listed in Table 1.

2 Background

Based on the coverage mechanism, we attributed the redundant repetitions in seq2seq models
to the over-considered attention to the source tokens. To solve this problem, the RRM works as

an autoencoder to supervise the seq2seq models during training. Here, we describe the seq2seq
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model (Luong et al. 2015b), coverage mechanism (Tu et al. 2016), and autoencoder (Bengio
et al. 2009) using their mathematical notations. Additionally, we list the types of repetitions
introduced by Fu et al. (2021) and Xu et al. (2022).

2.1 Seq2seq Model

Given a source sentence X = (z1,...,x), the seq2seq model generates target sentence ¥ =
(y1,---,y7), where T and J are the numbers of source and target tokens, respectively. The seq2seq
model consists of two main parts: encoder and decoder. The encoder computes the representation
of source sentence X and the decoder generates target sentence Y. As an autoregressive model,

the seq2seq model with parameter § decomposes the conditional probability p(Y|X; 0) as follows:

J

j=1
p('|y1a--~>yj71,X§9):0j (2)
= softmax(W,Z; + b,), (3)

where Z; denotes the final hidden state of the decoder during the j-th decoding step. o; denotes
the probability distribution over target vocabulary V; at the j-th decoding step. W, is a weight
matrix and b, is a bias term.

Model parameter 6 is optimized by minimizing the cross-entropy loss (Brier 1950) as follows:

J Vil
1
gC’rossEntropy = - 1Og p(Y|X7 9) = - j Z Z Yij.c log Oj.cs (4)

j=1 c
where |V;| denotes the length of V;; 0j . denotes the probability at the j-th decoding step for
vocab ¢ € V4, and
Yje = (5)
0 ify; #ec
Let FNN denote the feed-forward layer and Concat be the concatenation layer. When using
global attention (Luong et al. 2015b), Z; is computed as follows:

I I

S5 = Z ai,jhi = Zsoftmax(f(hi, Zj))hi, (6)
i=1 i=1

Z; = FNN(Concat(s;, 2;)), (7)

where h; is the i-th hidden state of X and z; is the hidden state at the j-th decoding step.
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Both h; and z; were computed using long short-term memory networks (LSTM) (Hochreiter
and Schmidhuber 1997). z; is the state of special token <sos>, which indicates the start of the
sequence. H = (hy,...,hs) denotes the set of hidden states in X. Score function f evaluates the
content matching between h; and z;.

Vaswani et al. (2017) proposed a seq2seq model with multihead self-attention mechanism
to compute Z;, transformer, which outperformed the global attention-based seq2seq model and
became the dominant paradigm in the natural language generation tasks. Let Attn denote a
self-attention layer. We assume that both the encoder and decoder of the transformer consist of

L layers with IV attention heads. The encoder encodes X for representation HE using

ht = MultiHeadAttn(h! ™Y, H'=', H'™') = Concat(heady, ..., head 5 )W/ 7!, (8)
headn:Attn(ﬁé_l,ﬁl_l,fll_l), ne{l,...,N}, (9)
hl = FNN(h!), (10)

where W!=1 is a weight matrix and h? is the embedding of the i-th token in X. H' = (B}, ... h})
denotes the set of hidden states in the [-th layer for X.
The decoder computes the hidden state 2; of the I-th layer using

2L = MultiHeadAttn (211, 251, ZL21), (11)
2; = MultiHeadAttn(zé, fIL, ﬁL)7 (12)
EISNED) (13)

where 2? is the embedding of token y;_; and Z; is the state for the special token <sos>. Zzl

denotes a set of hidden states (2571, cee 2;71).

2.2 Coverage Mechanism

Tu et al. (2016) suggested that a; ; in Eq. (6) describes the probability of generating target
word y; at time step j from source word z;. Based on a; j, they proposed coverage value C; ; to
denote the translated ratio of x; at time step j in a machine translation task. Cj ; is calculated

as follows:

Cig = Cijo1 + 3-0ij = 37 ) ik, (14)

J
k=1

where ®@; is a weight to denote the number of target words expected to be translated from z;. Tu
et al. (2016) assumed that some source words might be unnecessarily translated multiple times

(over-generation) while some source words might be mistakenly untranslated (under-generation)
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if a model lacked coverage information. Based on this assumption, Tu et al. (2016) introduced the
last coverage C; j_1 to the global attention to calculate a; ; using score function f(h;,zj,C; j—1)
in Eq. (6). Although using this coverage mechanism clearly shows the used ratio of z; at each
decoding step and produces a more accurate alignment to guide target generation, using it for
the multihead self-attention mechanism is intractable owing to the concatenation in Eq. (8), and
stacked sublayers in both the encoder and decoder. Owing to this limitation, we propose a generic

method for supervising the attention distribution in the seq2seq model.

2.3 Autoencoder

Given source X, the autoencoder encodes X in representation h(X) and reconstructs X from
h(X). This reconstruction by the autoencoder with parameter 6 can be written as p(X|h(X);6).
Let X' be the reconstructed X. The autoencoder utilizes loss function (X, X) to measure
the reconstruction errors. Lg norm loss is a widely used loss function as ¢(X, X /) and can be

computed as follows:
/ 2
X, X)) =X - X3, (15)

where X is a vector.

Owing to its encoder-decoder architecture, the seq2seq model has been utilized as an au-
toencoder in several natural language generation tasks (Ma et al. 2018; Kiyono et al. 2018; Liu
et al. 2019). Ma et al. (2018) proposed an autoencoder using an LSTM-based seq2seq archi-
tecture to encode and reconstruct target summaries in the text summarization task. During
training, the autoencoder was combined with an LSTM-based seq2seq text summarization model
by sharing the decoder to supervise the training of the summarization model. Their experimental
results demonstrated that using the autoencoder assisted the LSTM-based seq2seq summariza-
tion model in receiving additional gains for the ROUGE score. To supervise the training step,
Kiyono et al. (2018) considered the source word frequency as input X and utilized Eq. (15) to
measure the distance between the input and reconstructed word frequencies in the text summa-
rization task. Their experimental results demonstrated that the supervised global attention-based
seq2seq model generated fewer repetitions than the unsupervised model. However, their assump-
tion required a source sequence longer than the target, which constrained the application of their
proposal to text-generation tasks other than text summarization. Liu et al. (2019) also utilized
an LSTM-based seq2seq model as the text autoencoder to extract representation from the target
text and supervise the table-to-text generation task. Their experimental results demonstrated

that the supervised table-to-text model achieved higher BLEU and ROUGE scores than the
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unsupervised model. Instead of supervising the training, Luo et al. (2018) utilized two autoen-
coders to separately reconstruct the inputs and responses to learn semantic representations in
the dialogue generation task. After mapping the semantic representations of the input sentence
and response, their proposal generated a fluent and coherent response than the seq2seq model of
Sutskever et al. (2014).

These studies motivated us to deploy an autoencoder to learn the semantic representations

of the source word frequency and supervise model training in natural language generation tasks.

2.4 Repetition Types

Fu et al. (2021) defined that the consecutive repetitions required at least two adjacent iden-
tical fragments, in which the first fragment was the counterpart and the rest fragments were
repetitions, as shown in Figure 1. Based on this definition, we define nonconsecutive repetitions
as those that require at least two detached identical fragments. Xu et al. (2022) mentioned
three types of consecutive repetitions: word-, phrase-, and sentence-level, and used the rules
below for calculation without considering the word matching between model predictions and gold
references.

Given sequence Y, the probability of word-level consecutive repetitions is calculated according
to ﬁz;lzz]l(yj = y;j_1), where 1 is an indicator function. Assuming a k-word phrase, the proba-
bility of phrase-level consecutive repetitions is computed according to ﬁijzz e L((Yj—kt1s s
yj) = (Yj—2k+1,---,Yj—k)). To distinguish sentence-level consecutive repetitions, sequence Y
is split into N + 1 subsentences by “.!?”. Let Y = (s°,...,s") denote the set of split sub-

sentences, the probability of sentence-level consecutive repetitions is calculated according to

(a) Nonconsecutive (b) Word-level consecutive
——o—o—0o—0—0 ._.._.D
| love orange | love apple | love orange
I love orange | love apple | love orange orange orange...

(c) Phrase-level consecutive (d) Sentence-level consecutive

| love  orange | love orange !

| love orange love orange love | love orange ! | love orange ! | love
orange... orange...

Figure 1 Examples of repetition types. Red and blue indicate the repetitions and their counterparts,

respectively.
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LN A(s' = s'71). We followed Xu et al. (2022) to compute word-, phrase-, and sentence-

7

level consecutive repetitions. Considering the usages of “...” and “l!” in the natural text, the

research limited the length of the subsentence by at least one word (ignoring “.!?”). For example,

Wy YW 7

the sequence “I like apple.i.e.e.e.” would be split into subsentences (“I like apple,” “i,” “e,
“e, “e, ), and only “I like apple” was regarded as an valid subsentence. We renamed the
sentence-level consecutive repetition as subsentence-level consecutive repetition to distinguish it
from the repeat (sentence-level), which is defined in Section 4.3. Additionally, we evaluate the
probability of total repetitions according to 1 — |unique words|/J.

We report the average probability over the entire corpus and compare the probabilities of the

predicted texts with gold references for evaluation.

3 RRM

3.1 Overview

An overview of the RRM is presented in Figure 2. Here, we employed the structure of the
transformer for both the encoder and decoder. Let & denote the source-side sentence representa-
tion of source sentence X; ¢ denote the reconstructed Z. According to the coverage mechanism,
supervising the ratio of source tokens used for the seq2seq model could produce an accurate align-
ment and guide target generation. Inspired by Luong et al. (2015a) and Kiyono et al. (2018), the
RRM considers = as the correct representation of X and attempts to reconstruct £ on the target

side as an autoencoder. We assume that Z includes the word frequency of X and ¢ includes the

CrossEntropy(Y, X, 0)
A

X
r !

a language <eos>

is
Y1 (MTTTITTT] Y, 0TI ys OTTTWOT0 - Yy OTIOTTTH0
Ul[]IEET[IIID 02 E]IIIT[IIID 03 []IEEI%[IED Y] EEIIEEEI]]

Encoder

transformer 2, transformer Z; iy fransformer z;

| l;:m;nagwq_zl +_bq)_l_ - —l ————— l_ — 1

I

I I I | % CHIHIID qp T  9s (ORI - gy O |

X1 Xy X | L ; . ) |
(NI (A -+ (I N l e

eine sprache geistes | Z srett . ; Zm j :

I

.
| losspry = Zcos *%,9)

Figure 2 Overview of a transformer-based encoder-decoder model with the RRM. The part inside a

dashed rectangular box represents the RRM.
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used Z. By sharing the model parameters of the RRM with the seq2seq model, the source tokens
used in the seq2seq model are supervised during training without considering the global attention
mechanism, as in Tu et al. (2016). The seq2seq model with parameter 6 then predicts target-side

sequence Y and Z. This prediction can be expressed as follows:
p(Y, Z[X;0) = p(2]Y, X; 0)p(Y] X 0). (16)

Conditional probability p(Z|Y, X;0) prevents either over- or under-generation of ¥ by recon-
structing the representation of the source context until the decoding step ends. p(Z|Y, X;6) can
be simplified to p(Z|X;6) if ¢ does not depend on Y. As p(Y|X;6) is predicted by the seq2seq
model, as shown in Eq. (1), we provide details of p(Z|Y, X; ) in the section below.

3.2 Prediction of Source Side Context

The SPM proposed by Kiyono et al. (2018) considers the count-based discrete representations
of X as the input and reconstructs the representations on the target side to supervise the seq2seq
model to reduce the number of repetitions. However, this discrete vector failed to recognize
a word by its tokenized subwords and may mislead the reconstruction; for instance, the word
“All” and its tokenized subwords “Al 1.” Furthermore, the SPM requires a longer X than Y
when calculating Eq. (15), which constrains its application. Instead of using count-based discrete
representations, as in Kiyono et al. (2018), we incorporated continuous representations for both
the source and target sides to capture deeper semantic relations (Mikolov et al. 2013). We assume
p(2|Y, X;0) is proportional to the similarity between the representations of source sentence X

before and after being encoded and decoded as follows:
p(z]Y, X;0) x exp(a(cos(Z, §))), (17)

where « denotes the scaling factor used in the experiments.

Next, we explain the representations of source sentence X in the source and target sides. Let
Vs denote the source vocabulary. We define the indicator vector for the presence of source tokens
as z; € {0, I}W-*', where z; denotes the i-th token in X. The source-side representation & of the

source sentence is defined as follows:
I
&= Eueti, (18)

where Fy,.. € RE*IV:l is the word-embedding matrix for the source vocabulary and H is the

embedding size.
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To reconstruct Z, we define the target-side representation ¢ of the source sentence as follows:
J

q = Z Eschj7 (19)
J

where ¢; € RIV:l represents the probability distribution over source vocabulary V; at the j-th

decoding step, which is calculated as follows:
g; = softmax(W,Z; + by), (20)

where W, is a weight matrix and b, is a bias term. The softmax layer was used only in the

training step.

3.3 Objective Function

Considering the negative log-likelihood of Eq. (16) , we induce objective function G as follows:
Gi= 3 {~logp(Y|X:0) - alcos(#,0))}, 1)
(X,Y)eD

where D denotes a parallel training corpus.

4 Experiments

4.1 Datasets

To investigate the performance of the RRM, we evaluated the model performance on two
natural language generation tasks: machine translation and response generation. As a directed
generation task, machine translation constrains the output as a transformation of the input.
Conversely, the response generation without such constraints is an open-ended generation task
(Holtzman et al. 2020).

We first used the IWSLT 2014 German-to-English translation dataset (Cettolo et al. 2014)
to evaluate the proposed method. The dataset was split into 160k/7k/Tk sentences for training,
validation, and testing, respectively. As Cho et al. (2014) reported that seq2seq models tend to
produce few unknown tokens and yield high BLEU scores for short sentences in neural machine
translation tasks, we assumed that longer sentences could contain more repetitions because of
the difficulty in aligning the attention between more tokens using the seq2seq model, and our
proposal could perform better for longer sentences. Therefore, we divided the test data into
three parts: short, medium, and long. In short with 4927 pairs, the source contained less than

25 byte pair encoding (BPE) (Sennrich et al. 2016) tokens. In medium with 1524 pairs, the
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source contained 26-50 BPE tokens. In long with 299 pairs, the source contained more than
50 BPE tokens. Additionally, we evaluated our method on the WMT 2014 English-to-German
translation dataset (Bojar et al. 2014). We used the script? from fairseq (Ott et al. 2019) to
follow the setup of Gehring et al. (2017) to preprocess the dataset. The preprocessed dataset
was split into 3.9M/3.9k sentences for training and validation, respectively. The newstest2014
dataset® with 3k sentences was used for the test. We split the newstest2014 set into 1661, 1173,
and 169 pairs for the short, medium, and long parts, respectively.

We used the PERSONA-CHAT (Zhang et al. 2018) dataset for response generation task. This
is the official dataset of the conversational intelligence challenge 2 (ConvAI2)? used for testing
chatbots. It contains 164k/15k/15k utterances (corresponding to 10k/1k/1k dialogs) for training,
validation, and testing, respectively. It also contained the corresponding persona information for

each dialog. An example is presented in Table 2.

4.2 Compared Methods

To investigate the effectiveness of the proposed module, we compared the experimental results
between models with and without the RRM on top of the baseline models.

The vanilla transformer architecture (Vaswani et al. 2017) with different hyperparameter set-
tings was utilized as the baseline for machine translation tasks. We used the model of Fonollosa
et al. (2019) as the baseline for the German-to-English task. In contrast to the transformer
structure, the neural network in Fonollosa et al. (2019) discards the independent encoder to di-
rectly calculate the cross attention between the source and target tokens to predict the target
sentence, which was similar to the autoregressive language model, generative pre-trained trans-
former (GPT) (Radford et al. 2018). Hereafter, we denote this model as LocalJoint.

We considered the most effective model (Wolf et al. 2019) in ConvAI2 as the baseline for
the response generation task. Wolf et al. (2019) adopted a GPT-based encoder and a 12-layer
transformer decoder, and concatenated the persona information, up to two turns of historical
utterances, and the query (the utterance) together as an input sequence. We denote this model
as TransferTransfo. We also utilized a pre-trained transformer model, BART (Lewis et al. 2020),
as the baseline for the response generation task. Previously concatenated sequences were used as

the input sequences for the BART.

2 nttps://github.com/facebookresearch/fairseq/blob/main/examples/translation/prepare-wmt1i4en2de.
sh

3 https://nlp.stanford.edu/projects/nmt/

4 nttp://convai.io/
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Response generation

Persona i have two children that are in their kindergarten . i am 34 years old .
Information i am an environmentalist . i have been working as a real estate agent for

the past 12 years . i went to college at university of mississippi .

1st Query hi , want to be my friend ?
Turn Reference hello , sure why not ! how old are you ? i just turned 34
TransferTransfo sure, i 'm a real estate agent.

+RRM sure , what do you do for a living 7

2nd  Query whoa . i am only 12 . what is it like to be old ?
Turn Reference my 2 kiddos are in kindergarten , they want to graduate at mississippi
university like me

TransferTransfo i’'m 35, soi’m not sure . i 'm a real estate agent

+RRM i’m a real estate agent , what about you?

3rd Query that is cool i guess . are they twins
Turn Reference no . only 12 7 so no job yet . i have done real estate 12 years now
TransferTransfo yes, they are twins , they are twins

+RRM they ’re , they 're in their early 20s .

Table 2 Sample responses generated by various models. Underline indicates repetitions that contain
more than two words and bold indicates their counterparts. A turn is a pair of a query (an
utterance) and its response (either a reference or a generation). In this example, a sequence
of the three turns consist of a part of a dialog. When a model tries to output a response to
the third query, the first and second turns are the historical utterances, and it receives the
concatenation of the persona information, the historical utterances and the third query as an
input. « was fixed to 0.3, which yielded the least repeat (sentence-level) under 1-gram on the

validation dataset.

4.3 Evaluation Metrics

We used tokenized BLEU (Papineni et al. 2002), Meteor (Denkowski and Lavie 2014), and
repeat (Kiyono et al. 2018) for the machine translation tasks. The repetition is defined as
follows: following the definitions in Kiyono et al. (2018) and Fu et al. (2021), we believe that a
model causes repetition if it outputs the same token more than once. For each pair of generated
translations and their corresponding references in the dataset, because we considered that some
tokens might occur more than once in the reference, the repeat was computed by subtracting the
frequency of tokens in the reference from the frequency of tokens that occur more than once in
the generated translation (Kiyono et al. 2018). Additionally, we calculate the probability of each
type of repetition, as described in Section 2.4.

For the response generation task, we used official evaluation metrics, F1 and Perplexity. The
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official method offered by ParlAI (Miller et al. 2017) ignores words {a, an, the} and punctuations
when computing F1. To compute perplexity, we followed Wolf et al. (2019) to indirectly pre-
dict word probability based on the ratio of probabilities of subwords because the official method
requires a BPE vocabulary of 19304 tokens. Unlike the machine translation task, the response
generation task has no fixed answers. Therefore, in this task, we ignored the reference sequence
when computing the repeats. For each generated sequence, the repeat was computed by subtract-
ing one from the frequency of tokens that occurred more than once in the generated sequence.
We calculated repeat scores under an n-gram setting at sentence- and dialog-level while ignoring
the words {a, an, the} and punctuations. We calculated the repeats only for each generated
response at the sentence-level. We calculated the repeat with the concatenation of a sequence
of the generated responses in a dialog at the dialog-level. We also calculated the probability of
word-, phrase-level consecutive, and total repetitions with each generated response while ignoring
the words {a, an, the} and punctuations.®

We used a paired t-test to evaluate whether the differences in the repeat score and probability
of each type of repetition were significant. f, I, and § indicate that the difference between the
baseline model and the baseline+RRM is significant, with p-values of < 0.01, < 0.05, and < 0.1,

respectively.

4.4 Hyperparameters

The hyperparameters used in each model are listed in Table 3. We followed the exper-
imental settings of Fonollosa et al. (2019) and utilized their public code® to reproduce and
train the LocalJoint and LocalJoint+RRM models. We used transformer architectures “trans-
former_iwslt_de_en” and “transformer_wmt_en_de” published by fairseq” for the German-to-English
and English-to-German translation tasks, respectively. Following previous studies,®? in the de-
coding steps, we used beam search (Wu et al. 2016) with beam sizes of 5 and 4 for the German-
to-English and English-to-German translation tasks, respectively. To tune scaling factor « for
LocalJoint+RRM and transformer+RRM, we set « to {1, 0.3, 0.2, 0.05, 0.01} and selected «
with repeats as the evaluation metric for the validation dataset.

For the response generation task, we used the experimental settings of Wolf et al. (2019) and

5 The probability of subsentence-level consecutive repetitions was not calculated because we ignored punctua-
tions.

6 https://github.com/jarfo/joint

7 https://github.com/facebookresearch/fairseq/blob/main/fairseq/models/transformer/transformer_
legacy.py

8 https://github.com/facebookresearch/fairseq/tree/main/examples/translation

9 https://github.com/facebookresearch/fairseq/issues/346
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Task German-to-English English-to-German Response generation
Model Transformer | LocalJoint Transformer BART | TransferTransfo
Optimizer adam

Adam S 0.9

Adam S 0.98 0.999

Adam eps le—9 le—6
Weight decay 0.0001 0
Learning rate 0.0005 0.001 ‘ 0.0007 6.25e — 5
Learning rate schedule Inverse square root Linear decay
Batch size 8192 tokens | 4000 tokens ‘ 32768 tokens 32 sequences
Warm up steps 2k 4k 0

Training steps 42.5k 85k 95k 1 epoch
Attention layer 6 14 6 12
Attention head 4 8 12 12
Dropout 0.3 0.1

Hidden size 512 256 512 768
Feed-forward expansion size 1024 2048 3072

Vocab size 31K 43k 50k | 40k
Tokenizer Byte pair encoder

Max src/tgt sentence length 1024 ‘ 512

Table 3 List of hyperparameters used for each model.

utilized their public code!? to reproduce and train the TransferTransfo and TransferTransfo4+RRM
models. We used the HuggingFace! (Wolf et al. 2020) to reproduce BART. In the decoding step,
we utilized the top 20 samplings (Fan et al. 2018) before selecting four beams via a beam search.
To tune scaling factor « for TransferTransfo+RRM and BART+RRM, we set « to {1, 0.3, 0.2,
0.05, 0.01}. Because the RRM was designed to reduce repetitions at the sentence-level, we se-
lected o with repeat (sentence-level) under 1-gram as the evaluation metric for the validation
dataset.

The results of all baseline and baseline+RRM models were averaged over three runs using

random seeds.

4.5 German-to-English Results

The experimental results for the German-to-English translation task are presented in Table 4.
The results indicate that combining RRM (« = 0.3) with LocalJoint improves the repeat, BLEU,
and Meteor scores. Utilizing the RRM (« = 0.01) for the transformer also mitigated the repeat

10 https://github.com/huggingface/transfer-learning-conv-ai
11 https://github.com/huggingface/transformers
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Data Model Repeat BLEU Meteor
LocalJoint (Fonollosa et al. 2019) — 35.70 —
LocalJoint 1.244 35.61 35.76

All +RRM 1.229 35.71 35.77
Transformer 1.570 33.92 34.92

+RRM 1.5097  34.05 34.84
LocalJoint 0.552 37.41 36.83
+RRM 0.554 37.47  36.81

Short
Transformer 0.701 35.81 36.03

+RRM 0.6557  35.95 35.94
LocalJoint 2.484 34.28 34.91
. +RRM 2.467 34.38 35.00

Medium

Transformer 3.112 32.79 34.19
+RRM 3.036%  32.74 34.10
LocalJoint 6.371 33.11  34.12

Long +RRM 6.036 33.36  33.99

Transformer 8.032 30.17 32.81
+RRM 7.792 30.85 32.75

Table 4 Experimental results on the IWSLT 2014 De-En test dataset. « was fixed to 0.3 and 0.01
for LocalJoint and transformer, respectively, which yielded the least repeat on the validation
dataset. Bold indicates the least repeat, highest BLEU and Meteor scores with respect to
different length settings.

score and increased the BLEU score; however, it decreased the Meteor score. We then compared
the experimental results for short, medium, and long to investigate the effectiveness of the RRM
at different source sentence lengths. Similar to the results from Cho et al. (2014), compared
with the short sentences, all models tended to have lower BLEU scores and more repetitions
for long sentences. Conversely, the RRM performed relatively well for longer sentences. This
reduces the number of repetitions and improves more BLEU on top of the baselines for longer
sentences. Although the RRM showed limited effect in reducing the number of repetitions for
short sentences, it assisted LocalJoint in reducing the repeat score by 0.335 points and improved
the BLEU score by 0.25 points for long sentences. Additionally, the RRM assisted the transformer
in reducing the repeat score by 0.24 points and improving the BLEU score by 0.68 points for long
sentences. These results indicate the effectiveness of the RRM for long sentences.

The statistics for different repetitions on the IWSLT 2014 De-En test dataset are summarized

in Table 5. By comparing the probability of total and consecutive repetitions, we suggest that
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Data Model Word Phrase #2 Phrase #3 Phrase #4 Subsentence  Total
Source 0.10 0.06 0.01 0.03 0.01 8.78

Reference 0.07 0.05 0.04 0.02 0.00 9.78

All LocalJoint 0.02 0.07 0.02 0.03 0.01 9.84
+RRM 0.038 0.08 0.02 0.04 0.01 9.85

Transformer  0.05 0.09 0.03 0.05 0.01 10.59

+RRM 0.037 0.09 0.04 0.06 0.02 10.447

Source 0.09 0.04 0.01 0.03 0.01 5.52

Reference 0.06 0.07 0.03 0.00 0.01 6.67

Short LocalJoint 0.02 0.06 0.02 0.03 0.01 6.49
+RRM  0.04§ 0.06 0.02 0.04 0.01 6.49

Transformer  0.04 0.08 0.03 0.05 0.01 6.98
+RRM 0.03% 0.07 0.02 0.05 0.01 6.83t

Source 0.12 0.10 0.00 0.03 0.03 16.03

Reference 0.10 0.09 0.01 0.04 0.00 17.43

Medium LocalJoint 0.02 0.08 0.04 0.01 0.02 17.18
+RRM 0.03 0.09 0.03 0.03 0.02 17.24

Transformer  0.05 0.10 0.03 0.03 0.01 18.56

+RRM 0.04 0.10 0.07 0.03 0.03 18.42

Source 0.10 0.10 0.04 0.03 0.00 26.58

Reference 0.14 0.10 0.04 0.03 0.00 27.19

Long LocalJoint 0.03 0.26 0.05 0.09 0.08 27.59
+RRM 0.01§ 0.24 0.08% 0.06 0.03 27.47

Transformer 0.13 0.32 0.09 0.21 0.12 29.40

+RRM 0.088 0.36 0.11 0.23 0.16 29.22

Table 5 Probability (%) of word-, phrase (number of words)-, subsentence-level consecutive, and total
repetitions on the IWSLT 2014 De-En test dataset. o was fixed to 0.3 and 0.01 for LocalJoint

and transformer, respectively, which yielded the least repeat on the validation dataset. Bold

indicates the numbers closest to the reference scores with respect to different length settings.

in natural text (referring to source and reference texts), the most common type of repetition

is nonconsecutive. The RRM exhibited no effect on the consecutive fragments, which could be

because of the limited number of consecutive repetitions generated by the seq2seq model or in

the natural text. For the total repetitions, the LocalJoint and transformer with RRM obtained

probabilities closer to the reference for medium and long sentences than those without RRM.

These results also indicate the effectiveness of the RRM for longer sentences. Additionally, the

table illustrates a small gap (< 1%) in the probability of total repetition between the reference

and predicted texts over the entire corpus.
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Source ich hielt meinen iiblichen vortrag , und danach sah sie mich an und sagte : >> mhmm . mhmm . mhmm . <<
Reference i gave her my whole rap , and when i finished she looked at me and she said , &quot; mmm mmm mmm . &quot;
LocalJoint i gave my usual talk , and then she looked at me and she said , &quot; mhmm . mhmm . mhmm . &quot;

+RRM (a = 0.3) i gave my usual talk , and then she looked at me and she said , &quot; mhmm . mhmm . mhmm . &quot;
Transformer i gave my usual talk , and after that , she looked at me and she said , &quot; hmm . hmm . &quot;

+RRM (a = 0.01) i gave my usual talk , and then she looked at me afterwards , and she said , &quot; hmm . hmm . &quot;

Table 6 Sample translations on the IWSLT 2014 De-En test dataset. Words “mhmm” and “hmm” are

misspelled “mmm” and could be calculated in the repeat score.

neural models achieved a high repeat score (> 6 for long sentences), as summarized in Table
4. We established that the neural models could correctly predict word frequency in most cases
but misspelled the word. Thus, these models achieved a closer probability of repetitions to the
reference; however, they had a high repeat score. An example of predicted sentences containing
misspelled words for “mmm” is presented in Table 6.

The top and bottom 20 words based on the degree of repeat reduction using the LocalJoint +
RRM (a = 0.3) are listed in Table 7. These results indicate that the LocalJoint+RRM reduced

repetitions for high frequency words, whereas it exhibited no effect of reducing repetitions for “.

and “&apos;s.”

4.6 English-to-German Results

The experimental results for the English-to-German translation task are presented in Table
8. Similar to the results in Table 4, using the RRM (a0 = 0.3) for the transformer reduced
the repeat score by 0.115 points and increased the BLEU score by 0.45 points over the entire
corpus. However, the transformer+RRM achieved a lower Meteor score than the transformer
only. Compared with the short and medium sentences, using RRM could reduce more repeat
scores by 0.308 points and improve more BLEU scores by 0.67 points for long sentences.

Figure 3 shows a positive slope between the repeat score and the length of the source sentence.
In the WMT 2014 German-to-English test dataset, the slope of the transformer is steeper when
the source sentence is longer, indicating a higher probability of generating repetitions for longer
sentences. Furthermore, on the two machine translation datasets, using RRM to supervise the
baseline relieved the steep slope.

The statistics for different repetitions on the WMT 2014 En-De test dataset are summarized
in Table 9. The table shows a low probability (< 0.1%) of consecutive repetitions in both
natural and predicted texts. In particular, the natural text contained no phrase- and subsentence-
level consecutive repetitions. The probability gap of word-level consecutive repetitions between

reference and transfomer was only 0.01% over the entire corpus, indicating a limited number
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Sum of Repeat

Word Frequency Frequency Rank Reduced Repeat
LocalJoint +RRM
you 45794 12 50 31 19
of 73774 6 76 62 14
a 67343 7 80 67 13
on 16749 27 18 7 11
they 21064 19 31 22 9
and 96381 4 76 68 8
in 50081 10 56 48 8
do 11485 39 10 4 6
how 7722 59 9 3 6
to 78411 5 73 68 5
where 4913 91 6 5
could 4503 98 8 5
through 2617 141 7 5
is 41409 14 35 31 4
&quot; 22866 18 15 11 4
these 9016 49 4 0 4
their 6187 75 11 7 4
the 134603 3 129 126 3
one 11115 40 5 2 3
would 6084 e 4 1 3
belief 120 1868 0 2 -2
generally 101 2206 0 2 -2
determine 86 2497 0 2 -2
defined 85 2523 0 2 -2
colleague 63 3210 0 2 -2
eliminating 20 7370 0 2 -2
celestial 15 8869 0 2 -2
joints 15 8870 0 2 -2
mutilated 11 10851 0 2 -2
anatomic 5 17811 0 2 —2
humiliated 5 17812 0 2 -2
for 18902 22 7 10 -3
can 15244 29 11 14 -3
people 10653 42 8 11 -3
someone 695 415 1 4 -3
river 146 1572 1 4 -3
compromised 12 10263 0 3 -3
had 6648 70 6 11 -5
&apos;s 36495 15 39 47 -8
191365 1 211 224 —13

)

June 2023

Table 7 Top and bottom 20 words based on the degree of repeat reduction. They are listed in descend-
ing order of the repeat reduction by +RRM (a = 0.3) on top of LocalJoint for the IWSLT
2014 De-En test dataset at long length. Frequency denotes the word frequency in the training

dataset, and its rank is denoted as frequency rank.
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Data Model Repeat BLEU Meteor
Transformer (Vaswani et al. 2017) — 27.3 —
All Transformer 1.503 26.33  29.07
+RRM 1.3887 26.78 28.93
Transformer 0.558 25.83 28.61
Short
+RRM 0.528F 25.99 28.48
. Transformer 2.337 26.32 29.17
Medium
+RRM 2.1301 26.91 29.06
I Transformer 4.988 27.67 30.02
on,
g +RRM 4.680F 28.34 29.79

Table 8 Experimental results on the WMT 2014 En-De test dataset. a was fixed to 0.3, which yielded
the least repeat on the validation dataset. Bold indicates the least repeat, and highest BLEU
and Meteor scores with respect to different length settings.
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Figure 3 Distribution of baselines with and without RRM on the IWSLT 2014 De-En (left) and WMT
2014 En-De (right) test datasets.

of redundant consecutive repetitions generated by the transformer. For the total repetitions,
the transformer supervised by the RRM could generate fewer repetitions than the unsupervised

transformer.

4.7 Response Generation Results

The experimental results of the response generation task are presented in Table 10. The

RRM for TransferTransfo reduced the repeat scores by 0.056 (sentence-level) (1-gram) and 0.471
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Data Model Word Phrase #2 Phrase #3 Phrase #4 Subsentence Total
Source 0.01 0.00 0.00 0.00 0.00 8.00
All Reference 0.03 0.00 0.00 0.00 0.00 5.66
Transformer 0.04 0.01 0.00 0.00 0.00 7.47

+RRM 0.04 0.01 0.00 0.00 0.00 7.207
Source 0.00 0.00 0.00 0.00 0.00 4.19
Short Reference 0.02 0.00 0.00 0.00 0.00 2.70
Transformer 0.02 0.01 0.00 0.00 0.00 3.86

+RRM  0.02 0.00 0.00 0.00 0.00 3.73t
Source 0.01 0.00 0.00 0.00 0.00 11.82
. Reference 0.04 0.00 0.00 0.00 0.00 8.61

Medium

Transformer 0.06 0.00 0.00 0.00 0.00 11.16

+RRM  0.06 0.01% 0.00 0.00 0.00 10.737
Source 0.01 0.00 0.00 0.00 0.00 18.98
Long Reference 0.03 0.00 0.00 0.00 0.00 14.18
Transformer 0.04 0.01 0.00 0.00 0.00 17.35

+RRM 0.04 0.01 0.00 0.00 0.00 16.917

Table 9 Probability (%) of word-, phrase (number of words)-, subsentence-level consecutive, and total
repetitions on the WMT 2014 En-De test dataset. a was fixed to 0.3, which yielded the least
repeat on the validation dataset. Bold indicates the numbers closest to the reference scores
with respect to different length settings.

(dialog-level) (1-gram) points. The results indicate that combining the RRM with Transfer-
Transfo improves F1 and repeat, whereas the performance of the RRM in reducing perplexity is
limited. We suppose that there are two reasons for the performance of the RRM on perplexity.
First, the probability calculation method proposed in Wolf et al. (2019) is indirect. Second, the
responses were not fixed for a given source. The pre-trained seq2seq model, BART, generated
fewer sentence-level repetitions and achieved a higher F1 score of 21.14 but a higher perplexity of
85.48 than TransferTransfo. This high perplexity may have also been caused by indirect probabil-
ity calculations. Using the RRM for BART mitigates repeats by 0.013 (sentence-level) (1-gram)
and 0.361 (dialog-level) (1-gram) points. These results indicate the effectiveness of the RRM for
the TransferTransfo model to reduce the number of sentence-level repetitions than BART.

We conducted extensive experiments to investigate whether the RRM has the potential to
reduce the number of repetitions by considering the following conditions: First, beam search is
an optimized decoding method that generates fewer repetitions than greedy decoding, which may

limit the performance of the RRM. We investigated whether decoding methods influenced the
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R t
Model epea Perplexity F1

1-gram 2-gram 3-gram  4-gram  5-gram

Sentence-Level

Source 0.452 0.033 0.002 0.000 0.000 — —
Reference 0.482 0.030 0.002 0.000 0.000 — 100.00
TransferTransfo (Wolf et al. 2019) — — — — 16.28 19.50
TransferTransfo 0.755 0.244 0.107 0.056 0.025 16.31 18.22
+RRM 0.699t 0.210t 0.090% 0.0451 0.018f 16.33 18.36
BART 0.675 0.189 0.077 0.046 0.024 85.48 21.14
+RRM 0.662§ 0.186 0.077 0.048 0.027 82.37 21.13

Dialog-Level

Source 20.125 3.112 0.474 0.118 0.051 — —
Reference 20.840 3.278 0.434 0.091 0.027 — —
TransferTransfo 28.423 14.319 7.786 4.822 2.800 — —
+RRM 27.9527 13.9821 7.605§ 4.743 2.791 — —
BART 28.817 14.244 7.884 5.024 3.013 — —
+RRM 28.456t 13.9697 7.765 4.936 2.958 — —

Table 10 Experimental results on the PERSONA-CHAT test dataset. « was fixed to 0.3 for both
baselines, which yielded the least repeat (sentence-level) under 1-gram on the validation
dataset. Bold indicates the least repeat, perplexity, and highest F1 scores for different
levels.

performance of the RRM by comparing beam search with greedy decoding.

Second, Wolf et al. (2019) used persona information and historical utterances as input se-
quences for their model to generate a response that differed from the history and contained part
of the persona information. However, in the task, our model shares its vocabulary between the
source and target sides; in Eq. (17), we utilize the cosine similarity to force ¢ to be similar to
Z, which may make the generated response similar to the input sequence. Therefore, we investi-
gated whether using historical utterances in the input sequence during inference could affect the
performance of the RRM. “w/o history” indicates the case where the historical utterances were
not used for an input sequence during inference.

Third, historical utterances may contain part of the persona information, which can cause
additional repetitions in Eq. (18). The RRM could be misled into producing more repetitions
at the sentence-level and hence more repetitions at the dialog-level. Therefore, we investigated
whether using the persona information and historical utterances in Eq. (18) during training affects
the performance of the RRM. The full setting indicates the usage of the persona information,

historical utterances, and query as a source in Eq. (18) during training, whereas the part setting
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indicates the usage of only the query. We also set divide to divide the input sequence in Eq. (18)
into three parts: Z,, &, and Z;, depending on the personal information, historical utterances,
and query, and uses the corresponding W, , Wy, , and Wy, in Eq. (20) to compute G, G, and g,
respectively. Subsequently, the average cosine similarity was calculated between each divided &
and q.

The results of the extensive experiments are presented in Table 11. Clearly, when using beam

Repeat .
Decode Model Perplexity F1

1-gram 2-gram 3-gram 4-gram  5-gram

Sentence-Level

— — 16.28 19.50

TransferTransfo (Wolf et al. 2019) — —

TransferTransfo 0.755 0.244 0.107 0.056 0.025 16.31 18.22

Beam +RRM (o = 0.3, full) 0.699¢ 0.2107 0.0907 0.045% 0.018% 16.33 18.36
+RRM (a = 1, divide) 0.746 0.248 0.114 0.063% 0.028 16.34 18.20
+RRM (a = 0.2, part) 0.703t 0.212¢ 0.0907 0.0437 0.017} 16.40 18.27

TransferTransfo w/o history 0.902 0.336 0.135 0.067 0.026 17.96 17.30

Beam +RRM (o = 0.05, full) 0.842% 0.275% 0.100% 0.0437 0.014f} 18.04 17.14
+RRM (a = 1, divide) 0.905 0.338 0.146% 0.080t 0.034% 17.96 17.16
+RRM (a = 0.2, part) 0.8367 0.2667 0.0967 0.0431 0.015% 18.00 17.17

TransferTransfo 1.275 0.477 0.187 0.089 0.037 — 18.02

Greedy +RRM (o = 0.3, full) 1.247% 0.4547 0.178 0.083 0.034 — 18.09
+RRM (a = 1, divide) 1.2558 0.473 0.199% 0.099% 0.042% — 17.87
+RRM (a = 0.2, part) 1.265 0.469 0.188 0.085 0.033 — 18.08

Dialog-Level
TransferTransfo 28.423 14.319 7.786 4.822 2.800 —

Beam +RRM (a = 0.3, full) 27.9521 13.982}1 7.605% 4.743 2.791 — —
+RRM («a = 1, divide) 28.034% 14.275 7.894 4.955 2.931§ — —
+RRM (o = 0.2, part) 27.956¢ 14.066% 7.663 4.762 2.773 — —

TransferTransfo w/o history 33.058 19.399 11.940 7.960 5.180

Beam +RRM (a = 0.05, full) 32.3067 18.6501 11.2651 7.330Ff 4.671f — —
+RRM («a = 1, divide) 33.3408 19.8147 12.3471 8.331% 5.465t — —
+RRM (o = 0.2, part) 32.696% 18.9347 11.5597 7.698% 5.040 — —

Transfer Transfo 32.960 17.208 8.852 5.022 2.805

Greedy +RRM (a = 0.3, full) 32.5597 16.7411 8.532f 4.8528 2.706 — —
+RRM («a = 1, divide) 32.692§ 17.115 8.872 5.110 2.867 — —
+RRM (o = 0.2, part) 32.678% 16.919% 8.599% 4.8227 2.689 — —

Table 11 Results of the extensive experiments on the PERSONA-CHAT test dataset. Bold indicates
the least repeat, perplexity, and highest F1 scores for each setting. Because perplexity does
not depend on the decoding method, we report it only once in the table. For each setting,
we fixed « to the value that yielded the least repeat (sentence-level) under l-gram on the

validation dataset.
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search, the RRM reduced the number of repetitions at both the sentence- and dialog-level (1-
gram) and improved the F1 scores of the TransferTransfo model more than for greedy decoding.
Compared to that excluding historical utterances, the RRM utilizing historical utterances during
inference could improve F1 scores more but reduce fewer repetitions for the TransferTransfo
model. In addition, when the input sequence excluded the history during the inference, the RRM
trained with part setting in Eq. (18) is more effective in reducing sentence-level repetitions (1-
gram) than when using full setting. This indicates that our third supposition is incorrect and the
part setting is unstable. We believe that the cause for the unstable performance is that when using
the part setting, ¢ and Z in Eq. (17) are generated from the full input sequence and only a part
of the input sequence, which makes the information unbalanced. The divide setting performed
the worst among the full, divide, and part settings. The results of BART and BART+RRM
when greedy decoding is used on the PERSONA-CHAT test dataset are presented in Table 12.
Using RRM for BART reduced repeats by 0.027 (sentence-level) (1-gram) and 0.09 (dialog-level)
(1-gram) points. Compared with beam search, when using greedy decoding, the RRM reduced
more sentence-level repetitions (1-gram) and fewer dialog-level repetitions (1-gram) for BART.
The statistics for different repetitions of the PERSONA-CHAT test dataset are summarized in
Table 13. Distinct from the two machine translation datasets, TransferTransfo and transformer
started to generate phrases #3- and #4-level consecutive repetitions. This could be because the
PERSONA-CHAT was an open-ended dataset with a high probability of the popular phrases, e.g.,
“I do not.” When using greedy decoding, the generated phrases #3- and #4-level consecutive,
and total repetitions would be approximately twice as long as when using beam search. This result
indicates the effectiveness of beam search in mitigating the number of repetitions. Compared with

beam search, both baselines, TransferTransfo and BART, with RRM can reduce phrases #3- and

Model Repeat (Sentence-Level) Repeat (Dialog-Level) F1
l-gram  2-gram  3-gram 4-gram  5-gram l-gram = 2-gram  3-gram 4-gram 5-gram
Source 0.452 0.033 0.002 0.000 0.000 20.125 3.112 0.474 0.118 0.051 —

Reference 0.482 0.030 0.002 0.000 0.000 20.840 3.278 0.434 0.091 0.027  100.00

BART 1.170 0.380 0.136 0.074 0.037 33.780 17.194 8.750 5.187 3.028  20.08
+RRM 1.143f 0.363f 0.126f 0.069§ 0.034 33.690 17.072 8.674 5.116 2.953 20.03

Table 12 Experimental results for BART and BART+RRM on the PERSONA-CHAT test dataset
with greedy decoding. « was fixed to 0.2, which yielded the least repeat (sentence-level)
under 1-gram on the validation dataset. Bold indicates the least repeat and highest F1
scores for different levels.
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Decode Model Word Phrase #2 Phrase #3 Phrase #4 Total
— Source 0.10 0.02 0.01 0.00 3.96
— Reference 0.06 0.02 0.00 0.00 4.23
TransferTransfo 0.18 0.18 0.77 0.79 8.52
B +RRM («=0.3) 0.12% 0.15 0.567 0.621 7.8471
eam
BART 0.04 0.14 0.22 0.35 7.31
+RRM («=0.3) 0.04 0.13 0.24 0.31 7.22
TransferTransfo 0.12 0.19 1.74 1.60 13.84
+RRM (¢ =0.3) 0.14 0.20 1.397 1.27% 13.51t
Greedy
BART 0.02 0.18 0.71 0.70 12.31
+RRM (a=0.2) 0.01§ 0.15% 0.64 0.67 12.087

Table 13 Probability (%) of word-, phrase (number of words)-level consecutive, and total repetitions
on the PERSONA-CHAT test dataset. Bold indicates the numbers closest to the reference

scores for each setting.

#4-level consecutive repetitions when using greedy decoding. Meanwhile, the two baselines with
RRM still achieved a closer probability of total repetitions to natural texts compared to those
without RRM.

These results indicate that when the RRM is utilized, the method for combining multiple
pieces of information for the input sequence is important. Furthermore, the decoding method
affects the performance of the RRM. A sample dialog is presented in Table 2. Similar to the
machine translation task, the TransferTransfo model generated repeated phrases, which was

2

alleviated by the proposed model. In particular, “i 'm a real estate agent” in the second turn is

a b-gram nonconsecutive repetition of the one in the first turn at the dialog-level when the word

a” is ignored. “they are twins” in the third turn is a 3-gram consecutive repetition at both the

sentence- and dialog-level because it is generated twice in a response.

5 Related Work

To overcome the problem of repetition in neural machine translation, Tu et al. (2016) and
Mi et al. (2016) introduced the coverage mechanism into a seq2seq model; thus, the decoder
can pay attention to the encoder information without duplication. See et al. (2017) extended
the coverage model by incorporating a pointer-generator network based on Tu et al. (2016).

However, it is difficult to utilize these coverage methods for multihead attention-based models
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because multihead attention is a stack of several attention layers, and each layer is trained to
capture its own distribution. Furthermore, Tu et al. (2016) and Mi et al. (2016) are based on
one-to-one correspondence generation, which cannot be applied to “lossy” compression tasks such
as summarization.

Suzuki and Nagata (2017) proposed WFE, which used several linear transformations to map
the hidden states of the encoder to the upper-bound occurrence of each target vocabulary and
controlled the generation using the estimated occurrence. However, we could not apply WFE
for certain generation tasks, such as the response generation task, in which the frequency of the
target tokens is irrelevant to the source sentence. Kiyono et al. (2018) proposed an SPM and
assumed that the output sentences are shorter than the input sentences (i.e., a summary or a
headline of the input). To ensure that the lengths of the input and output sentences were equal,
special <pad> tokens were added at the end of the target sentence. Although this method helps
SPM estimate over- or under-generation using the Euclidean distance, it limits the application
of the SPM. Because our approach does not rely on the above assumptions, the RRM is more

scalable for other downstream tasks, including machine translation and response generation.

6 Conclusion

In this study, we propose a novel mechanism to suppress repetitions in machine translation
and response generation. Our model attempts to estimate the semantic vectors from a source
sentence on both sides of an encoder-decoder model that considers semantic repetitions and does
not rely on attention features. Therefore, our proposed method can be applied to other seq2seq
models, which is an advantage over previous methods.

The experimental results of the IWSLT 2014 German-to-English, WMT 2014 English-to-
German machine translation tasks, and PERSONA-CHAT response generation task demon-
strated the effectiveness of our proposal. The results of extensive experiments on the response
generation task demonstrated that the RRM can handle a concatenated input sequence.

Because our proposal considers semantic repetitions, we believe that it can reduce the number

of repetitions among semantically similar words. This will be verified in a future study.
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