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Abstract: Current language models have achieved remarkable success in NLP tasks. Nonetheless, individual
decoding methods face difficulties in realizing the immense potential of these models. The challenge is primarily
due to the lack of a decoding framework that can integrate language models and decoding methods. We introduce
the DecoStrat which bridges the gap between language modeling and the decoding process in D2T generation. By
leveraging language models, DecoStrat facilitates the exploration of alternative decoding methods tailored to
specific tasks. We fine-tune the model on the MultiWOZ dataset to meet task-specific requirements and employ it
to generate output(s) through multiple interactive modules of the framework. The Director module orchestrates
the decoding processes, engaging the Generator to produce output(s) text based on the selected decoding method
and input data. The Manager module enforces a selection strategy, integrating Ranker and Selector to identify
the optimal result. Evaluations on the stated dataset show that DecoStrat effectively produces diverse and
accurate output, with MBR variants consistently outperforming other methods. DecoStrat with the T5-small
model surpasses some baseline. Generally, the findings highlight DecoStrat’s potential for optimizing decoding
methods in diverse real-world applications.

Keywords: decoding methods; data-to-text generation (D2T); language models (LM); natural language generation
(NLG); natural language processing (NLP)

1. Introduction

The task of accurately generating diverse and contextually relevant text from structured data
is crucial but challenging, with numerous applications such as dialogue systems [1], healthcare
reporting [2,3], weather forecasting [4], and sports summarization [5]. For instance, leveraging D2T
generation can empower chatbots to provide personalized responses to customer inquiries. However,
this task requires language models to grasp complex relationships and contextual dependencies within
the structured input data. Moreover, the input data can be in various formats, such as meaning
representations [6], graphs [7], and tables [8], making the process difficult. Despite the importance
of D2T generation, leveraging the immense capabilities of transformer models, such as T5 [9] and
BART [10], remains a significant challenge. While these models have shown remarkable success in
natural language processing (NLP) [11], generating contextually relevant text from structured data is
a complex task that requires more than just powerful models [12]. Recent studies have highlighted
the limitations of current approaches, including the need for more effective handling of contextual
dependencies in more realistic settings [13-16].

One significant hurdle in harnessing the potential of language models for D2T generation lies in
the lack of a unified and modular framework that can effortlessly integrate multiple decoding methods.
The absence of this framework hampers the progress and seamless development, integration, and
selection of optimal decoding strategies for specific D2T generation tasks, making it challenging to
pinpoint the most effective decoding method for a particular task. Commonly used decoding methods
in D2T generation, such as beam search and its variants [17-21], tend to favor high-probability words,
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resulting in limited diversity in the generated text [13,22]. While stochastic approaches, such as top-
k [23] and top-p [13], have shown promise in addressing these limitations in open-ended text generation
NLP tasks, their effectiveness in D2T generation remains unexplored. Furthermore, Minimum Bayes-
risk (MBR) decoding, which has demonstrated better performance in machine translation [22,24,25], a
task similar to the mathematical framework of D2T generation, its application has not been explored
in D2T generation. Consequently, identifying the optimal decoding method remains a long-standing
open research problem with significant implications for real-world applications where diverse and
contextually relevant text is essential [13,20].

This study presents DecoStrat, a unified and modular framework that provides alternative decod-
ing strategies to bridge the gap between language modeling and decoding processes. By integrating
multiple decoding methods, DecoStrat enables the seamless exploration of optimal decoding strategies
for specific tasks, as illustrated in Figure 1. We demonstrate its effectiveness on the MultiWOZ dataset,
showcasing the effective utilization of language models in D2T generation. The DecoStrat’s modular
architecture enables the flexible development, integration, and optimization of various decoding
methods, leading to advancements in D2T generation. The framework’s main contributions include:

* Modular Decoding Architecture: DecoStrat features a modular design that integrates various
decoding strategies through its interactive modules. This architecture allows for the flexible
development and optimization of decoding methods tailored to specific tasks.

* MBR Decoding : The framework includes essential modules—Manager, Ranker, and Selec-
tor—specifically for MBR decoding. These components work together to determine candidate
selection strategies and optimize the output sequence, enhancing the effectiveness of the decod-
ing process.

¢ Evaluation: DecoStrat is designed to be domain-independent, making it applicable to a wide
range of language generation tasks. Its effectiveness is showcased through evaluations on the
MultiWOZ dataset, demonstrating its capability to produce contextually relevant text across
various domains.

] Inputs Generated outputs

—— MR : topic = general | intent = request | | 75.h+ GS: | was able to book you for 1 night. Your reference
more | topic = booking | intent = book | | | hymper is 85bgkwo4. Is there anything else I can help you with?
reference number = 85bgkwo4 | length
of stay =1 T5-b+ BS: | was able to book you for 1 night. Your reference
number is 85bgkwo4. Is there anything else I can help you with?

LM :{T5-base}
T5-b+ SS: | was able to book your room for 1 night. Your

D : {GS, BS, SS, MBR,,MBR, MBR;} reference number is 85bgkwo4. Is there anything else I can help
you with?

T5-b+ MBR: | was able to book you for 1 night. Your reference
DecoStrat number is 85bgkwo4. Is there anything else | can help you with?

T5-b+MBR;: | have booked your room for 1 night. Your reference
number is 85bgkwo4. Is there anything else | can help you with?

Reference : This booking is successful for 1 || T5-b+MBR;: Your booking was successful for 1 night. The

night. Your reference number is reference number is 85bgkwo4. Can | help you with anything else
85BGKWOA. Is there anything else | can today?

assist you with?

Figure 1. The high-level operation of the DecoStrat framework that demonstrates DecoStrat utilizing
a T5-base language model trained on the MultiWOZ dataset. When given an input data MR about a
booking request, the trained model generates six alternative outputs, each corresponding to one of the
six decoding methods D. These outputs are evaluated against a reference text to determine the best
output, indicating the optimal decoding method for the specific D2T generation task.
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The remaining parts of this study are structured into the following sections. Section 2 provides a
concise overview of recent related works. This is followed by an illustration and description of the
research methodology in Section 3. The experimental setup and the details of experimental results are
presented in Section 4. Section 5 presents the Results and Discussion. Finally, Section 6 summarizes
the main findings and concludes the study.

2. Related Work

This section briefly presents the current state of neural language modeling and decoding methods
in D2T generation, focusing on recent advancements in transformer models such as T5 and BART.
Moreover, we examine deterministic, stochastic, and MBR decoding methods. Finally, we identify
the gaps in existing approaches and show how our DecoStrat framework addresses these limitations,
offering a unified and modular solution for D2T generation.

2.1. Neural Language Modeling

Neural language models have revolutionized NLP by learning the complex patterns in language
and estimating the probability of the next word in a sequence [11]. By leveraging this approach,
researchers have developed powerful language models and applied them to NLP tasks, including D2T
generation. These models acquire knowledge through pretraining on large datasets, contributing to
their powerful performance on various tasks.

The emergence of the transformer model [26] marked a significant milestone in neural language
modeling, leading to notable improvements in the field. Variants of the transformer model, such as
T5 [9] and BART [10], have achieved state-of-the-art results in various NLP tasks. However, despite
these advancements, generating text from structured data remains challenging. One crucial aspect that
has not kept pace with language modeling advancements is the decoding process, which plays a vital
role in determining the output of language models [15,27,28]. This disparity highlights the need for
further investigation into decoding methods and unlocking the immense potential of neural language
models in D2T generation.

2.2. Deterministic Decoding Methods

In D2T generation, researchers often employ greedy search, beam search, and its variants. Greedy
search constructs the output sequence by selecting the highest probability word at each position. Some
notable works that utilized greedy search include [29], which investigated the effectiveness of the
pre-train followed by fine-tune strategy, and [30] as an alternative method.

Beam search selects multiple tokens for a position based on conditional probability, considering
a range of alternatives determined by the beam width. Considering the context of preceding words
and their probabilities, beam search makes more informed decisions about the upcoming word in
the sequence [31]. Several works have employed beam search, including [17], which introduced
DataTuner D2T system for diverse domains, [32], who developed an end-to-end neural architecture
that incorporates content selection and planning, and [19], who proposed an entity-centric neural
architecture. Additionally, [30] applied beam search and introduced beam search variants that leverage
cross-attention to extract meaningful information and figure out attributes mentioned in the generated
text. Another variant of beam search is guided beam search, proposed by [21], which aimed to reduce
omissions and hallucinations during the decoding process.

These works have contributed to the advancements of D2T generation. However, despite their
contributions, deterministic methods can still result in suboptimal output, characterized by unnatural
language and repetitive patterns, a problem considerably discussed in previous research [13,27,33].

2.3. Stochastic Decoding Methods

When generating sequences, the standard approach involves using the distributions predicted by
a model without modifications. However, this can lead to issues with coherence and diversity in the


https://doi.org/10.20944/preprints202410.2163.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 October 2024 d0i:10.20944/preprints202410.2163.v1

4 0f 25

generated text as low-probability tokens can dominate and decrease the quality of the text [13,28].To
address this, researchers have explored alternative approaches that can modify the generation behavior
of the model. One such approach is to use controlled sampling methods, which can help to improve
the coherence and diversity of the generated text. The two popular methods that can achieve this are
top-k and top-p (Nucleus) sampling methods.

Top-k sampling is a decoding method that involves selecting the top k most likely tokens from a
predicted distribution, which is suggested to be effective in generating coherent and diverse text. [23]
introduced top-k sampling in their work on hierarchical story generation, where a premise is first
generated and then developed into a coherent text passage using model fusion and self-attention
mechanisms. This approach maintains balanced coherence and diversity by choosing k tokens from
the model’s probability distribution while excluding the least likely ones. For example, consider a
token probability distribution of 10 tokens, where k=5. In this case, the top 5 most probable tokens
would be selected: A (0.25), B (0.20), C (0.15), D (0.10), and E (0.08), while the remaining tokens would
be discarded. However, using a fixed value for K can be limiting, as it may only cover a small portion
of the total probability in uniform distributions or include highly unlikely tokens in distributions with
extreme peaks.

Another approach is to use top-p sampling, which involves selecting tokens from the dynamic
nucleus of the probability distribution [13]. This approach demonstrated its effectiveness in improving
the quality of machine-generated text by reducing the likelihood of bland and repetitive text. Specifi-
cally, [13] found that neural language models trained on likelihood objectives tend to generate bland
and repetitive text due to distributional differences between human and machine text, and proposed
the top-p method as a solution to this problem. The top-p sampling considers the top p% of the
probability mass, providing a better balance between coherence and diversity. The model can generate
more diverse and coherent text by selecting the top p% of the probability mass. For example, with
the same token probability distribution and p=0.7, we select tokens until the cumulative probability
reaches 0.7, which includes A (0.25), B (0.20), C (0.15), and D (0.10). This approach can be more effective
than top-k sampling as it dynamically adapts to the shape of the probability distribution.

Combining these techniques can improve the coherence and diversity of generated text. Stochastic
methods, which have proven effective in open-ended text generation, overcome the degeneration
inherent in deterministic methods [20]. The DecoStrat framework leverages the combined approach to
enhance diversity in the D2T domain, yielding promising results.

2.4. MBR Decoding

MBR decoding provides a systematic approach to introducing randomness into the decoding pro-
cess to generate diverse outputs, each of which has a probability of being valid. This approach enables
language models to explore different translation possibilities, providing a better understanding of the
input data [25,34]. MBR decoding has demonstrated encouraging results in various tasks, including
text generation and neural machine translation, with notable works including [35], who proposed MBR
to address the trade-off between diversity and quality in text generation tasks; [24], who presented
lattice MBR decoding approach over translation lattices to efficiently encode translation hypotheses
and improve translation performance on different languages; [36], who proposed an approach to
combining neural machine translation (NMT) with traditional statistical machine translation (SMT)
by minimizing the Bayes-risk with respect to syntactic translation lattices; and [22], who argued that
issues in neural machine translation systems are not inherent to the model or training algorithm
but stem from using maximum a posteriori decoding, and proposed considering the full translation
distribution over focusing solely on the highest-scoring translation. While MBR decoding can impose
a significant computational burden, requiring careful decisions regarding the number of candidates
generated and selecting a suitable utility function for hypothesis evaluation, its potential benefits make
it a promising approach worth exploring further, particularly in novel applications such as the D2T
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generation domain, where we introduced three variants of MBR that seamlessly integrate with the
modules of the DecoStrat framework.

The review of existing literature highlights several critical limitations in current decoding meth-
ods for data-to-text (D2T) generation. First, many individual approaches fail to fully leverage the
capabilities of neural models, leading to suboptimal language generation. Deterministic methods often
produce degenerate outputs, while stochastic techniques, although they enhance diversity, struggle
to maintain coherence. Moreover, the effectiveness of Minimum Bayes Risk (MBR) methods in D2T
generation remains unproven. Another significant issue is the lack of modularity in current decoding
strategies, hindering the exploration and adaptation of decoding methods tailored to specific tasks.
The proposed DecoStrat framework provides a unified and modular solution that integrates multiple
decoding methods, including novel MBR variants. With its flexible design, the framework allows for
seamless adaptation to diverse D2T generation tasks.

3. Research Methodology

This section identifies the essential elements required for D2T generation and introduces the
innovative DecoStrat framework, designed to harness these components and unlock the potential
of language models for D2T generation. Additionally, the visual representation of the DecoStrat
framework illustrates its core components and their interactions, thereby offering a comprehensive
understanding of the framework’s architecture.

3.1. Neural Language Modeling for D2T Generation

D2T generation can be formulated as a sequence-to-sequence problem, where the goal is to
learn a mapping from an input sequence X to a target sequence Y. Let X = (x1,x,...,xT) be the
input sequence, and Y = (1,2, ..., yr) be the target sequence. The goal is to model the conditional
probability P(Y|X), which can be viewed as a next-word prediction problem, where the model predicts
the next word in the target sequence given the context of the input sequence and the previous words
in the target sequence.

A sequence-to-sequence model consists of an encoder and decoder components. Traditionally,
researchers used Recurrent Neural Networks (RNNs) for encoder and decoder components. However,
RNNSs have significant limitations that make them less effective for modeling sequential data. Their
sequential processing is slow and inefficient, and they suffer from the vanishing gradient problem,
which hinders the training of deep RNNs. In contrast, transformer models such as T5 and BART
have become the current state-of-the-art for sequence-to-sequence tasks. They utilize self-attention
mechanisms to process input sequences in parallel and capture long-range dependencies [26,37],
making them a superior choice for our purposes.

The encoder transforms the input sequence X into a continuous representation X, and the decoder
generates the target sequence Y based on X in an autoregressive manner, where each output token
is generated based on the previous tokens in the target sequence. The encoder and decoder can be
represented as functions f and g, respectively:

X = f(X) = Concat(xy, X2, ..., 1) (1)

where Concat denotes the concatenation operation, combining multiple vectors (¥1, %, ..., X¥7) into a
single vector X, to form a continuous representation of the input sequence X.

The probability of generating each token y; in the target sequence is computed using the softmax
function:

P(yt|ly<t, X) = softmax(g(y<t, X)) 2)

where v =y1.4—1 ={y1, Y2, ..., Y:—1} is the sequence of previous target outputs . In the context
of the decoder function g, the softmax function is applied to the output of g. Let’s denote this vector


https://doi.org/10.20944/preprints202410.2163.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 October 2024 d0i:10.20944/preprints202410.2163.v1

6 of 25

as z = g(y<t, X) The softmax function takes the output vector z from the decoder and returns
a probability distribution over all possible tokens in the vocabulary. This is done by computing
the exponential of each element in z, normalizing the resulting values, and returning a vector of
probabilities that add up to 1.

Then, the softmax function can be defined as:

e~

N .
Z]':1 e’
where z; is the i element of the vector z, N is the number of elements in the vector z, and e is a

mathematical constant of approximately 2.718.
The overall probability of generating the target sequence Y given the input sequence X is:

softmax(z;) =

3)

T
P(Y[X) = [ P(yely<t X) @)
t=1
The training objective is to maximize the likelihood of the target sequence Y given the input
sequence X:
1 N
L(0) = mgax N Z log p(Yn|Xu; 0) )
n=1

where £ is the likelihood of the target sequence given the input sequence, X, and Y}, are the input and
target sequences for the n-th example in the training set, N is the number of examples in the training
set, and 6 is the set of model parameters.

3.1.1. Decoding Methods

The decoder generates the target sequence Y based on the continuous representation X in an
autoregressive manner, relying on its prediction history to construct the output sequence y; during
inference. The decoding method determines which token to choose at each time step, playing a crucial
role in determining the quality of the generated output as it navigates the complex probability space
defined by the language model [31]. We explore three distinct decoding scenarios in D2T generation:
deterministic methods that produce a single output, stochastic methods that introduce randomness,
and Minimum Bayes Risk (MBR) methods that select the best candidate output from the generated
options.

Deterministic decoding methods: These methods involve selecting the most likely token at each
time step, resulting in a single, deterministic output sequence. This is achieved by choosing the token
with the highest probability from the vocabulary set V at each time step ¢, as in Equation (6).

Ui = argmax P(yt |y1:t—1r X) ©)
yeVv

The Equation (6), can represent both Greedy Search and Beam Search, which differ in their
decoding method d and their parameters dy. In Greedy Search, d iteratively selects the most likely
token at each step, with dy including beam size b = 1 [31,38,39], whereas in Beam Search, d maintains
a set of top-k hypotheses, with dg including the beam size b > 2 [31,40—-43]. We can view both methods
as different instantiations of the decoding method d and its parameters dy, used to determine the
output sequence y; .

Stochastic decoding methods:These methods involve randomly sampling from the probability
distribution P(y|y1.+—1, X) at each time step ¢, resulting in a stochastic output sequence. This is
achieved by introducing randomness in the output generation process, as shown in Equation (7).

Ye ~ P(ytly1:i-1, X) (7)
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Equation (7), indicates that we can obtain the predicted output sequence y; by sampling from the
probability distribution p(y¢|y1.+—1, X), where the decoding method d and its parameters dy determine
the specific sampling strategy by controlling how to carry out the sampling from the probability
distribution. The two popular methods that fall under stochastic decoding are top-k samples from the
top-k most probable words at each time step [23] and top-p that samples a subset of the most probable
words with cumulative probability equal to or exceeding a threshold (p) at each step [13]. We can
represent both as ¥ ~ P(y¢|y1.4—1, X).

MBR decoding methods: This method involves generating multiple candidate outputs and
selecting the best one based on a utility function such as BLEURT [22,24,35]. This can be achieved by
first generating a set of candidate outputs )} as shown in Equation (8).

Y =A{yLy2 - ym} ~ P(ytlyrs-1, X) 8)

Then the predicted output sequence ¥j; is selected using the candidate selection strategies S as shown
in Equation (9).

= S(y, 9
i = argmax (v, ) ©)

We can evaluate the quality of the generated text ij; for all scenarios using conventional automatic
metrics such as BLEU [44], ROUGE [45], METEOR [46], CIDEr [47] or any other metric that measures
the similarity or relevance of the generated text 1j; to the reference text y [48]. Moreover, we can apply
human evaluation to examine the qualities of the generated text such as coherence, informativeness,
relevance, and fluency [49,50].

3.2. Proposed Framework

The proposed DecoStrat framework integrates finetuned language models, alternative decoding
methods, and candidate selection strategies S through the interacting modules. This section presents
the DecoStrat system architecture and the details of each module.

3.2.1. DecoStrat System Architecture

The DecoStrat system architecture integrates finetuned language models followed by six inter-
acting modules: Director, Generator, Manager, Ranker, Selector, and DecoDic. We designed this
architecture to effectively process input data using trained language models and alternative decoding
methods to produce the output sequences. The high-level operation of this system is as follows.

The model training process builds upon the work of [30]. We initialized the parameters of
the pre-trained model checkpoints from the hugging face hub [51], which provides a standardized
framework for conducting experiments with transformer-based models on NLP tasks. Moreover, the
training and validation datasets were then loaded, and training parameters were employed. The
experiment section provides the detailed implementation of the training procedure including the
model specifications and training parameters. During the inference stage, the Director receives input
data, a language model, and a decoding method and then instructs the Generator to produce outputs.
The Manager subsequently processes the generated output(s), determining the decoding method
category by applying a selection strategy S and returning the selected candidate sc. The interactions
between these modules are crucial in determining the final output sequence. The DecoStrat system
architecture visually depicts the main components and the interactions that comprise the framework
as illustrated in Figure 2.
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Figure 2. The DecoStrat system architecture illustrates the effective use of trained language model LM
with the interactions of main modules in the inference stage to produce an output. The Director calls
the Generator with input data X, the LM, and decoding method d and receives generated output(s) in
return. After receiving the required inputs, the Manager determines the decoding method category
to apply a selection strategy, sending the output directly to the Director for single-output method s
or involving the Ranker and Selector modules for multi-output method m. The subsequent sections
present a detailed explanation of each module’s functionality and notations.

3.2.2. DecoDic

The DecoStrat framework comprises a crucial component, the DecoDic , a comprehensive dictio-
nary of decoding methods that serves as a central hub for decoding methods and their corresponding
parameters. The primary function of DecoDic is to validate and configure decoding methods employed
by the Director and Manager modules, facilitating seamless integration and optimal performance in
the D2T generation process.

DecoDic, as shown in Algorithm 1, is a dictionary of decoding methods and their corresponding
parameters. The Director and Manager modules call the DecoDic function to retrieve a dictionary
containing decoding methods and their parameters, categorized into two keys: s and m. The s key
represents decoding methods, such as greedy search, that produce a single output for a given input se-
quence. In contrast, the m key corresponds to decoding methods, such as MBR decoding, that generate
multiple intermediate outputs. We can represent each decoding method in DecoDic as a nested dictio-
nary with method_name as the key and dictionaries of parameters (parameter_name:parameter_value)
as the value. DecoDic plays a crucial role in the D2T generation task by providing a standardized
way of representing decoding methods and their parameters. The Director module uses the DecoDic
function to validate its chosen decoding method. Similarly, the Manager module applies this function
to determine the category (s or m) of the selected decoding method, enabling informed decisions about
how to proceed with the task. By providing this critical functionality, the DecoDic function ensures that
the decoding methods used by the Director and Manager modules are valid and correctly configured
for the D2T generation task.
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Algorithm 1: Decoding methods dictionary.

1 Function DecoDic:

2 begin

3 return

s [ds1,dsy ..., dsy]

m [dmy,dmy ..., dmy]

dsy,...,dsy {04, :valueys },i=1,...,n
dmy,...,dmy {04y, : valuegy, },i=1,...,n

4 end

3.2.3. Director

The Director module is one of the main components of the DecoStrat framework that oversees the
generation of output sequences from the input data using a fine-tuned language model and decoding
method. It coordinates the interactions between the Generator and Manager modules to produce the
final output.

Algorithm 2: Director module

1 Module Director (X, D, LM):
candidates + ]
selected_candidate < ]
91
category <— DecoDic()
if D = d not in category then
‘ raise value error message.
candidates < Generator(X,d, LM) [3]
selected_candidate < Manager(candidates) [4]
7 < selected_candidate

return j
Input: X: Input sequence.

D ={dy,dy, ..., dy }: Decoding methods.
LM: D2T generation language model.
Output: §: The predicted output sequence.

© ® g & U A W N

Jury
(=]

=
=

The Director module, shown in Algorithm 2, coordinates the generation of output sequences by
validating the decoding method using the DecoDic function, generating output sequences using the
Generator module, selecting the optimal candidate output sequence using the Manager module, and
finally returning the predicted output sequence §j. The Director module acts as a high-level controller,
orchestrating the interactions between the Generator and Manager modules to produce the predicted
output §. The Director module controls and efficiently generates output sequences by directing the
D2T generation process.

3.2.4. Generator

The Generator module is a crucial lower-level component of the DecoStrat framework performing
the actual D2T generation task. It takes input data, a language model, decoding methods, decoding
parameters, and the number of candidate output(s) and produces a list containing the generated output
sequence(s).
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Algorithm 3: Generate output sequence(s). (2)

1

© ® N o U Rk W N

10
11
12
13
14
15
16
17
18
19

20
21
22
23
24
25
26
27
28
29

30

Module Generator( X, D, LM):
X < {x1, ..., x7}, Encode the input data where T is the length of the input sequence
g+ |
if k = 1and D=d is deterministic with parameters dg then
fortin1..T do
ot < LM(y1.4-1, X) , Model Prediction
P(ytlyr:4—1, X) < softmax (o)
Y « argmaxycy P(yt|y1.+—1, X) , Generate Text
8 « g-append(y:)
end
nd
Ise if k = 1 and D=d is stochastic with parameters dg then
fortin1..T do
0t < LM(yl:t—li X)
P(yelyr.4—1, X) < softmax(o;)
Yt ~ P(ytlyr:-1, X)
8 < g-append (V)
end

o o

end
else if k > 2 and D=d is MBR with parameters dg then
fortin1..T do
ot < LM(y1:4-1, X)
P(yt|y1:t—1, X) < softmax(ot)
foriinl..k do
yi; ~ p(Yelyre—1, X)
g + g-append(yt;)
end

end

end

return g

Input: X: Input data.

LM: Language model finetuned for D2T generation on the specific task.
D = {dy,dy, ..., dn }: Decoding methods.

dg: Decoding parameters.

k: Number of candidate output(s).

Output: g: Generated output sequence(s).

The Generator module, shown in Algorithm 3 produces output sequence(s) based on the provided

inputs and the corresponding processing algorithm. The algorithm accommodates three distinct
categories of decoding methods: deterministic, stochastic, and MBR.

¢ Deterministic decoding : When k = 1 and D are deterministic, the algorithm generates a single

output sequence by iteratively predicting the next token with the highest probability according
to the language model LM.

* Stochastic decoding: When k = 1 and D is stochastic, the algorithm generates a single output

sequence by sampling from the probability distribution predicted by LM.

* MBR decoding: When k > 2 and D is MBR, the algorithm produces k distinct output sequences

by sampling from the probability distribution predicted by LM.
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The output is a list containing the generated output sequence(s), a single sequence for deterministic
and stochastic decoding, or k sequences for MBR decoding. Overall, the Generator module provides a
flexible and efficient way to generate text from input data, supporting a range of decoding methods
and parameters. Essentially, the Generator module offers a versatile and effective means of text
generation from input data, accommodating an array of decoding methods and associated parameters.
The singular output from the module represents the final predicted output, whereas multiple outputs
are subject to subsequent processing by other components within the DecoStrat framework.

3.2.5. Manager

The Manager module is a decision-making algorithm that considers multiple possible scenarios to
select a single candidate output from a set of candidates based on the specified decoding method and
selection strategy.

Algorithm 4: : Manager module. (2)
1 Module Manager())):

2 | category < DecoDic();

3 | sc<[];

4 | if D=d € category[s| then

5 ‘ sc 4 y;

6 end

7 | elseif D =d € category[m] then

8 if S = rank then

9 re <+ [];

10 rc « (Ranker(Y, T =1));
1 SC 4 1¢;

12 end

13 else if S = select then

14 ‘ sc « Selector(Y,U);

15 end

16 else if S = joint then

17 re + [|;

18 rc.append (Ranker (), T > 2))
19 sc < Selector(rc,U)

20 end

21 else

22 raise Invalid selection strategy.
23 end
24 end
25 else

26 ‘ raise Invalid decoding method.
27 end
28 return sc

Input: YV =y1,12,...,ym : Candidate outputs.

D ={dy,dy, ..., dyn} : Decoding methods.

S = {rank, select, joint}: Selection strategies.

U = {BLEURT}: Utility functions for candidate selection.
T ={1,2,..,n} : Top-n ranked candidate(s).

Output: sc: Selected candidate.

The Manager module, shown in Algorithm 4, checks the validity of the decoding method and
selection strategy to determine the selection process. The process involves selecting a candidate using
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the Selector module, ranking candidates using Ranker module, or applying a joint ranking and
selection approach. The Manager module integrates the Ranker and Selector modules to provide a
flexible approach to choosing the most suitable candidate. The algorithm raises an error message if the
selection strategy is not recognized. Finally, it returns the selected candidate output to the Director.

3.2.6. Ranker

The Ranker module is a ranking algorithm that adapts the PageRank [52] algorithm to rank
candidates based on their similarity scores.

Algorithm 5: : Rank candidates.
1 Module Ranker ((), T)):

2 | M+« CSM(y) ;

3 cS |y| -1;

4 fori=1toepoch do

5 prev_cs < copy(cs);

6 forj=1to|)|do

7 sl  (1—df) +df - 3. Mk,

=1L M)

8 end

9 if ||cs — prev_cs|| < threshold then

10 ‘ break;

1 end
12 end
13 sorted_indices < argsort(—cs);
14 sorted_candidates < Y[sorted_indices|;
15 | sc < {(cs[j]) | j € sorted_indices[: T};
16 return sc;

Input: YV =y1,12,...,ym : Candidates .

T ={1,2,..,n} : Top n ranked candidate(s).
threshold: Convergence threshold.

df: Damping factor.

epoch: Number of Iteration.

Output: sc: Selected candidates by ranking.

3.2.7. Calculate Similarity Matrix

Algorithm 6: : Calculate Similarity Matrix.
1 Function CSM((Y)):

2 | n< len(Y);

3 | M <« zeros((n,n));

4 fori <~ Oton—1do

5 forj < Oton—1do

‘ | Mli,j) « css((ylil,yljl) € V);
7 end

8 end

9 return M

Input: ) : Candidates.
Output: M: Similarity Matrix.
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Algorithm 7: : Calculate Similarity Score.

1 Function CSS(y1, y2):
2 Tokenize (y1 and y2) using the tokenizer;
3 | Generate embeddings : embeddingl < E(y1l) & embedding2 < E(y2) using the model ;
4 | score < dotProduct (embeddingl, embedding?2);
5 return score
Input: y1 & y2: Candidates.
model: Model such as BERT base.
tokenizer : The corresponding tokenizer of the model.
Output: score: Similarity score

The Ranker module, outlined in Algorithm 5, takes in a set of candidate outputs, a threshold for
convergence, a damping factor, the number of iterations, and a similarity matrix calculated by the
Calculate Similarity Matrix (CSM) algorithm.

The Ranker algorithm initializes a score vector with uniform scores for each candidate to iteratively
update the score vector based on the similarity matrix and the damping factor until convergence or it
reaches a maximum number of iterations. The algorithm converges to a stable set of rankings based on
the similarity matrix and the damping factor, then it returns ranked top-n denoted as 7 candidates.
The Ranker operates in two modes, either directly selecting the best output based on its ranking when
working individually or ranking the top 7 candidate outputs and passing the list to the Selector
module when working jointly. We redesigned the algorithm to be well-suited for D2T generation tasks
where the generated multiple outputs require ranking based on similarity.[Note df=0.85, threshold=
le-5, epoch=100, and the BERT base model are used during implementation].

3.2.8. Selector

The Selector module selects an optimal output from a list of candidates based on pairwise
similarity scores computed using a utility function.

Algorithm 8: : Select a candidate.
1 Module Selector(C,U):

2 Initialize an 7 X n matrix M with zeroes ;
3 fori+ 1tondo

4 forj < 1tondo

5 score < U(C[i], C[j]) ;
6 M[i][j] < score;

7 end

8 end

9 fori+ 1tondo

10 ‘ sum_scores «— Y_; M[i][j] ;
11 end
12 k < arg max; sum_scores ;
13 | sc<« Clk];
14 return sc

Input: C: Candidates.

n: Number of candidates.

U: Utility functions.

Output: sc: The selected candidate.

The Selector module, as shown in Algorithm 8, initializes a matrix, calculates scores for each
pair of candidates, and determines the sum of scores for each candidate. The algorithm then selects
the output with the highest sum, indicating its relevance or most representative to the overall set.


https://doi.org/10.20944/preprints202410.2163.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 October 2024 d0i:10.20944/preprints202410.2163.v1

14 of 25

The Selector can operate in two modes, either receiving candidates from the Generator and making
the final selection of the best output based on utility scores when working individually, or receiving
the ranked list of top n candidates from the Ranker and making the final selection based on utility
scores when working jointly. The Ranker also receives candidates from the Generator, ranks them, and
passes the top n candidates to the Selector. By doing so, the Ranker reduces the burden of the Selector,
allowing it to focus on making the final selection from a reduced number of promising candidates.
This collaborative approach enables the Ranker and Selector to work together efficiently, leveraging
their strengths to produce the best possible output.

3.3. Illustration on DecoStrat Module Interactions

To demonstrate the flexibility and configurability of the DecoStrat framework, we present a
scenario that showcases the seamless interaction of all its modules. This scenario highlights how
the modules work together to produce the desired output. Using sample data from the MultiwWOZ
test dataset, we illustrate the operation of the DecoStrat framework in generating text from meaning
representation (MR) input data. This example scenario requires the involvement of all modules,
allowing us to observe their interactions and demonstrate the framework’s capabilities.

Given the inputs, shown in Table 1, the DecoStrat framework modules start interacting provided
they generate the output . The DecoStrat framework generates the output 7 as follows:

1. Director: The Director module takes in the linearized input data MR, decoding method D, and
language model LM. It checks if the decoding method D is in the category of supported decoding
methods using the DecoDic() module. It initializes an empty list for the selected candidate and
outputs 7.

2. Generator: The Director module calls the Generator, passing in the input data MR, decoding
method D, and language model LM. Moreover, the Generator module retrieves the number of
candidates to be generated k and the decoding parameters dy, where dy consists of top-p and
top-k. It generates k candidate outputs as shown in Table 2 for the given input data using the
MBR decoding method with parameters top-p = 0.7 and top-k = 30.

3. Manager: The Director module calls the Manager, passing in the set of candidate outputs
Y. The Manager module also retrieves the decoding method D, selection strategy S, top N
ranked candidates 7, and utility function ¢/. The Manager module initializes an empty list for
the selected candidate sc and retrieves the category of decoding methods using the DecoDic()
function. Since we set the selection strategy S to a "joint" value, the Manager module integrates
the Ranker and Selector modules, provided that they can work together. The Ranker module
takes the generated candidates, ranks them, and returns the top 3 candidates as shown in Table 3
to the Selector module. The Selector module selects the best candidate from the top 3 candidates
as shown in Table 4 using the BLEURT utility function.

4. Output: The Director module returns the selected candidate as the output §
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Table 1. MultiWOZ sample data and Configurable Inputs to Illustrate the Interactions of DecoStrat

Modules.

DecoStrat Inputs Values

MR topic = general | intent = request more | topic = booking | intent = book |

reference number = 85bgkwo4 | length of stay = 1

LM /checkpt/multiwoz/T5base/epoch_22_step_1749/

D MBR

top-p 0.7

top-k 30

k 10

S joint

T 3

u BLEURT

Table 2. Sample generated candidate outputs using the Generator module.

Cand-ID Candidate outputs

Cand-1 Your booking was successful. The reference number is 85bgkwo4. You'll be staying for
1 night. Is there anything else I can help you with?

Cand-2 Your booking for 1 night was successful. The reference number is 85bgkwo4. Do you
need anything else?

Cand-3 I was able to book you for 1 night, your reference number is 85bgkwo4. Can I help you
with anything else?

Cand-4 I'have successfully booked your hotel for 1 night. Your reference number is 85bgkwo4.
Can I help with anything else today?

Cand-5 I was able to book you for 1 night. Your reference number is 85bgkwo4. Can I help you
with anything else?

Cand-6 Booking was successful for 1 night. Reference number is : 85bgkwo4. Is there anything
else I can help you with?

Cand-7 Your booking was successful for 1 night. The reference number is 85bgkwo4. Can I help
you with anything else today?

Cand-8 I'have made that reservation for 1 night, your reference number is 85bgkwo4. Is there
anything else I can help you with today?

Cand-9 Yes, I was able to book 1 night. The reference number is 85bgkwo4. Can I help you with
anything else?

Cand-10 Booking was successful for 1 night. The table will be reserved for 15 minutes. Reference
number is : 85bgkwo4. Anything else I can help with?

Table 3. Ranked candidate outputs using the Ranker module.

RC-ID Ranked candidate outputs

RC-1 Your booking for 1 night was successful. The reference number is 85bgkwo4. Do you
need anything else? [Cand-2]

RC-2 I was able to book you for 1 night. Your reference number is 85bgkwo4. Can I help you
with anything else? [Cand-3]

RC-3 Your booking was successful for 1 night. The reference number is 85bgkwo4. Can I help

you with anything else today? [Cand-4]
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Table 4. Selected candidate output using the Selector module.

SC-ID Selected candidate output

SC Your booking was successful for 1 night. The reference number is 85bgkwo4. Can I help
you with anything else today? [Cand-4]

In summary, the proposed framework enables effective utilization of language models in D2T
generation. It provides a flexible architecture that accommodates various decoding strategies and
language models. At its core, the framework offers three key features: flexibility, separation of concerns,
and abstraction. These features enable the building and customization of NLG systems using our
framework. DecoStrat’s flexibility allows for the integration of finetuned language models, integration
and customization of decoding methods, and candidate selection strategies, making it adaptable to
diverse applications and evolving requirements. The separation of concerns within the framework
allows researchers to focus on designing diverse decoding methods without concerning themselves
with the intricate details of other components. DecoStrat abstracts complex implementation details
using PyTorch framework, transformer-based language models, and utilities to make it simple and
user-friendly. While DecoStrat has the potential to be a promising solution, its effectiveness relies on
careful consideration of factors such as task-specific model training, decoding parameter tuning, and
the choice of utility function. With DecoStrat, users can seamlessly integrate and optimize different
decoding strategies with language models, achieving better results in D2T generation tasks. Next, we
will experimentally evaluate the effectiveness of DecoStrat, considering task-specific model training,
integration of proposed decoding methods, and parameter tuning.

4. Experimental Setup

This section presents the experimental data, baselines we compared with, and implementation de-
tails, including the system parameters for experimentation, model specifications, training parameters,
and decoding strategies with associated parameters, thereby establishing a comprehensive setup for
our investigation.

4.1. Experimental Data

The MultiWOZ 2.1 [1] dataset is a large-scale, multi-domain publicly available dialogue dataset
consisting of 70,530 dialogues, divided into training (55,951), validation (7,286), and test (7,293) sets. It
covers seven domains: attraction, hotel, taxi, restaurant, train, police, and general. In task-oriented
dialog systems, the NLG module converts dialog acts represented in semantic form into natural
language responses [53]. The dataset used in this work is an extracted version of MultiWOZ 2.1,
provided by [30]. This extracted dataset follows the approach of [29,54]. Our goal is to train a model
that takes in a Meaning Representation (MR) as input data and generates a system turn as output text,
a process known as data-to-text (D2T) generation. Then, the trained model should accurately predict
system responses across various domains and scenarios, conditioned on the input MR, and generate
system responses that are contextually relevant and coherent.

Table 5 illustrates a sample of paired Meaning Representation (MR) and Reference (Ref) data
from the MultiWOZ dataset, along with the preprocessed linearized MR. The table showcases the
structured input data and its corresponding natural language output for a dialogue system. The
MR contains semantic representations of user intents and preferences, such as selecting a restaurant,
providing booking information, and specifying food choices. The linearized MR demonstrates a
processed version of the MR in a linear format, separating different attributes using specific delimiters.
For instance, when presented with an MR indicating a preference for three Chinese restaurants, the
model is expected to respond appropriately by acknowledging the request, informing the available
options, and suggesting a booking. The MR undergoes a preprocessing step described by [30], where
the process separates individual slot-value pairs using "|" and delimited values from slot names using
"="symbols. The Reference (Ref) presents a human-readable response generated based on the given
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MR, offering the user relevant information and prompting further interaction, such as booking a table
at a suitable restaurant.

Table 5. MultiWOZ sample paired MR and Ref data along with linearized MR.

Input names  Sample data

MR Restaurant-Select(), Booking-Informy(), Restaurant-Inform(Choice[three],
Food[Chinese])

Linearized topic = restaurant | intent = select | topic = booking | intent = inform | topic = restaurant

MR | intent = inform | choice = three | food = chinese

Ref I found three Chinese restaurants that meet your requests. Would you like for me to

book a table at one of them?

4.2. Baselines

Our approach is compared with two recent state-of-the-art baseline studies in D2T generation
tasks.

® The works by [30] examine the attention mechanism in pre-trained language models fine-tuned
for D2T generation tasks. Their research revealed that encoder-decoder models with cross-
attention can grasp semantic constraints that traditional decoding methods may not fully exploit.
They introduced a methodology that extracts pertinent information from the cross-attention
mechanism at each decoding step to identify accurately realized slots in the output. Then, they
combine this approach with beam search and rescore beam hypotheses to select those with the
fewest missing or incorrect slot mentions. Unlike our approach, the author’s method relies on
beam search.

¢ The second work by [29] explore T5 pre-training and fine-tuning for D2T tasks. DecoStrat
framework employs the T5 and BART models with multiple decoding strategies, diverging from
their singular use of T5 and greedy search. Despite this distinction, their observations offer
valuable insights for our investigation, emphasizing the potential of pre-trained T5 models for
D2T tasks.

4.3. System Parameters

The model training and DecoStrat evaluation is conducted on a Linux server equipped with eight
NVIDIA GeForce RTX 3090 GPUs, each with 24 GB of memory, using the PyTorch framework and the
Hugging Face Transformers [51]

4.4. Model Specifications and Training Parameters

The model training process builds upon the work of [30]. We initialized the parameters of the
pre-trained T5 and BART model checkpoints sourced from the Huggingface hub [51], which provides
a standardized framework for experimenting with models on various NLP tasks. Subsequently, we
loaded the training and validation datasets and employed the AdamW optimizer [55] with a linear
learning rate schedule and a warm-up period. During training, the loop iterated over epochs and
batches, preparing and processing each batch, performing forward and backward passes, and updating
the optimizer and learning rate scheduler. The objective was to maximize the log-likelihood of the
target sequence given the input sequence [56], as formulated in Equation (5). The DecoStrat framework
leverages pre-trained models and established training techniques to generate text from the input data.
The detailed model specifications and training parameters used in our experiments are summarized in
Table 6.
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Table 6. Model specifications and the training parameters used for experiments.

Models BART-base T5-base T5-small
Layers 6+6 12+12 6+6
Heads 12 12 8
Hidden State Size 768 768 512
Parameters 139M 220M 60M
Batch Size 32 64 64
Learning Rate 1x10°° 3x107° 2x107*
Epochs 25 30 30

4.5. Best Model Checkpoints

We monitored the model’s training performance on the validation set using the BLEU score and
updated the best model checkpoints accordingly. The optimal model checkpoints achieved during the
training process are presented in Table 7.

Table 7. Best model checkpoints achieved during the training process.

Model checkpoints Validation BLEU Epoch and step
BART-base 0.356 epoch 21, step 1749
T5-base 0.360 epoch 22, step 1749
T5-small 0.360 epoch 27, step 875

During inference, these model checkpoints are effectively utilized with the interaction of different
modules to produce an output given the input data and alternative decoding methods as shown in
Figure 2 and the detailed proposed methods.

4.6. DecoStrat Generation Parameters

Table 8 outlines decoding strategies and associated parameters used in our experiments. The
study explores four decoding methods: Greedy Search (GS) with a beam size of 1, Beam Search (BS)
with a beam size of 5, Stochastic Sampling (SS) with a top_p of 0.7 and top_k value of 30, and Minimum
Bayes Risk (MBR) decoding with its three variants. In MBR decoding, we generate multiple candidates
and choose the best one using a candidate selection strategy S operating in three alternative modes:
select, rank, and joint. We refer to the MBR decoding method with the "select" strategy as MBR;. In
MBR;, we employ the Selector module to choose the final candidate, utilizing BLEURT as the utility
function denoted by U/. We denote the MBR decoding method with the "rank" selection strategy as
MBR,, which configures the Ranker module to use the "rank" strategy and top-n denoted as 7 value
is set to 1. This approach ensures that we choose only the highest-ranked candidate from multiple
options. We denote the MBR decoding method with the joint strategy as MBR;, which configures the
candidate selection strategy S to "joint" and T value to 3. This strategy involves a joint operation of
the Ranker module and the Selector module to select the final candidate. We explored the effects of
tuning decoding parameter values and set decoding parameter values that can help us attain optimal
results. For more information on the candidate selection strategies, we refer the readers to Algorithm 4.
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Table 8. DecoStrat decoding methods and the generation parameters used for experiments.
Parameters GS BS SS MBR, MBR, MBR;
k 1 1 1 10 10 10
max_length 160 160 160 160 160 160
num_beams 1 5 NA NA NA NA
top_p NA NA 0.7 0.7 0.7 0.7
top_k NA NA 30 30 30 30
S NA NA NA select rank joint
T NA NA NA NA 1 3
U NA NA NA BLEURT BLEURT BLEURT

4.7. DecoStrat Performance Evaluation Metrics

The evaluation of the DecoStrat framework involved a comparison with the currently state-of-
the-art baseline works using established automatic metrics: BLEU (B) [44], ROUGE (R) [45], METEOR
(M) [46], CIDEr (C) [47] developed by the E2E NLG Challenge [57], and Slot Error Rate (SER) on the
MultiWOZ test data. SER measures the proportion of instances where slot value from the original
structured data (MR) is not mentioned or incorrectly mentioned in the predicted response. We
calculate SER by checking if all slot values are present in the generated text, regardless of their order or
phrasing [30].

5. Results and Discussion

This section presents the findings from our in-depth evaluation of the DecoStrat framework,
providing a breakdown of the experimental outcomes and exploring their implications.

5.1. Results of DecoStrat with T5-Small Model

Our DecoStrat framework outperforms the baselines in METEOR with the highest score of 0.325
achieved by T5-s+MBR;, indicating that it generates responses with relatively better coherence and
semantic similarity to the reference texts. Moreover, DecoStrat with T5-small model and alternative
decoding methods achieve competitive results, with the highest BLEU score of 0.356 achieved by
T5-s+MBR;, as shown in Table 9. Our framework achieves a score of 1.63 SER with T5-s+MBR;, which
is higher than the baseline SA’s score of 0.63, indicating that our framework struggles to preserve slots
compared to the baselines. Compared with the baselines, which have similar BLEU scores with the
highest score of 0.360 achieved by SA and SG, our framework shows promising results, especially
with the MBR variants. The MBR variants introduced controlled randomness using top_k and top_p to
enable a more diverse and better exploration of the search spaces. However, the impact on the BLEU
score was relatively marginal compared to the state-of-the-art baseline.

Table 9. DecoStrat with T5-small model and alternative decoding methods evaluated on MultiwOZ
dataset and compared against K&R [29], beam search with slot aligner reranking (SA) and Semantically
attention guided decoding (SG) [30] baselines.

Model B M R C SER
K&R 0.346 NA NA NA 1.27
SA 0.360 0.323 NA NA 0.63

SG 0.360 0.323 NA NA 0.85
T5-s+GS 0.349 0.321 0.518 2.84 1.99
T5-s+BS 0.353 0.325 0.529 2.89 1.94
T5-s+SS 0.350 0.322 0.518 2.85 1.95
T5-s+MBRg 0.353 0.325 0.526 2.84 1.63
T5-s+MBR, 0.349 0.323 0.523 2.82 1.99

T5-s+MBR; 0.356 0.324 0.523 2.83 191

d0i:10.20944/preprints202410.2163.v1
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The results of DecoStrat with the T5-small model and alternative decoding methods on the
MultiWOZ dataset, shown in Table 9, demonstrate its effectiveness in dialogue response generation.
Notably, DecoStrat surpasses the baseline K&R in the BLEU score, except in SER, across all decoding
methods. DecoStrat framework outperforms the baselines in METEOR with the highest score of 0.325
achieved by T5-s+MBR;, indicating that it generates responses with relatively better coherence and
semantic similarity to the reference texts. Moreover, DecoStrat with T5-small model and alternative
decoding methods achieve competitive results, with the highest BLEU score of 0.356 achieved by
T5—s+MBRj. Furthermore, DecoStrat is competitive with the SA and SG baselines, achieving relatively
similar performance in BLEU scores. The MBR decoding methods, in particular, perform well in
BLEU score and SER, with MBR; achieving the highest BLEU score among all DecoStrat variants.
The MBR variants introduced controlled randomness using top-k and top-p to enable a more diverse
and better exploration of the search spaces. However, the impact on the BLEU score was relatively
marginal compared to the state-of-the-art baseline. These results suggest that DecoStrat with alternative
decoding methods can be a valuable approach for enhancing the performance of dialogue response
generation models. Overall, the findings highlight the potential of DecoStrat as a viable strategy for
improving the quality of generated responses.

5.2. Results of DecoStrat with T5-Base Model

DecoStrat framework with the T5-base model and alternative decoding methods achieves im-
proved results, with the highest BLEU score of 0.354 achieved by T5-b+BS, as shown in Table 10.
Moreover, our framework outperforms the baseline in terms of METEOR, with the highest score of
0.327 achieved by T5-b+BS. The DecoStrat framework also achieves lower SER scores of 1.28 with
T5-b+MBRs, which is competitive to the baseline K&R'’s score of 1.27, indicating relatively equiva-
lent performance in slots mentioned in their output text. The framework shows promising results,
especially with the BS and MBR variants, which have implications for generating more accurate and
informative output in data-to-text generation tasks.

Table 10. DecoStrat with T5-base model and alternative decoding methods evaluated on MultiwOZ
dataset and compared against K&R [29] baseline.

Model B M R C SER
K&R 0.351 NA NA NA 1.27
T5-b+GS 0.351 0.322 0.519 2.85 1.98
T5-b+BS 0.354 0.327 0.531 292 1.74
T5-b+SS 0.345 0.321 0.516 2.84 1.47
T5-b+MBR; 0.351 0.324 0.519 2.85 1.28
T5-b+MBR, 0.345 0.323 0.518 2.83 1.6
T5-b+MBR; 0.348 0.324 0.522 2.86 1.47

5.3. Results of DecoStrat with BART-Base Model

As shown in Table 11, the DecoStrat framework with the BART-base model and alternative
decoding methods achieves competitive results, with the highest BLEU score of 0.359 achieved by
Bart+BS and Bart+SS. Additionally, the framework outperforms the baselines in METEOR, with the
highest score of 0.329 achieved by Bart+SS. DecoStrat framework SER score of 1.34 with Bart+BS is
higher than the baseline SA’s score of 0.60, indicating that the baseline is better at preserving slots.
Overall results demonstrate the potential of the DecoStrat framework with the BART-base model and
alternative decoding methods for generating accurate output from a given input data.
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Table 11. DecoStrat with BART-base model and alternative decoding methods evaluated on MultiwOZ
dataset and compared against SA and SG [30] baselines.

Model B M R C SER
SA 0.364 0.324 NA NA 0.60

SG 0.363 0.323 NA NA 0.72
Bart+GS 0.354 0.324 0.526 292 1.61
Bart+BS 0.359 0.328 0.536 2.96 1.34
Bart+SS 0.359 0.329 0.536 2.96 1.41
Bart+MBRg 0.359 0.328 0.536 2.96 1.41
Bart+MBR, 0.359 0.328 0.536 2.96 1.41
Bart+MBR; 0.358 0.328 0.536 2.96 1.41

5.4. Implications of the Results

The DecoStrat framework performs competitively with baselines. The alternative decoding
methods in the framework can generate text of comparable quality to the baselines. Among these
methods, the MBR variants consistently outperform the others in METEOR and SER metrics. This
performance indicates that the MBR variants excel the other alternative methods in generating diverse
and contextually relevant text while maintaining high accuracy in slot preservation, meeting the pivotal
objective of D2T generation tasks. Although the BS decoding method demonstrates competitive results
in BLEU and METEOR, it exhibits higher SER scores than the MBR variants, implying difficulties
in preserving slots effectively. The results also indicate that the T5-small model with MBR variants
achieved relatively similar performance to the T5-base model, suggesting that the T5-small model may
present a cost-effective option for D2T generation tasks. This finding aligns with previous studies,
such as [29], which have also reported that model size does not always correlate with performance.
Moreover, the BART-base model with MBR variants demonstrates competitive results compared to the
T5 models, although with slightly lower BLEU scores. These results suggest that the BART-base model
can produce text of comparable quality with the T5 models but may struggle to generate accurate text.
Despite this, the difference in BLEU scores is relatively small, indicating that the BART-base model
remains a viable choice for D2T generation tasks.

6. Conclusions

In this paper, we introduced DecoStrat, a unified and modular framework that bridges the gap
between language modeling and decoding processes in D2T generation. By integrating multiple
decoding methods, DecoStrat enables seamless exploration of optimal decoding strategies for specific
tasks. Our experimental results on the MultiWOZ dataset demonstrate the effectiveness of DecoStrat
in generating diverse and contextually relevant text from structured data. Notably, the framework
with MBR variants, which have shown encouraging performance in machine translation, consistently
outperforms other alternative decoding methods in METEOR and SER metrics, indicating their ability
to generate diverse and contextually relevant text while maintaining high accuracy in slot preservation.
Moreover, the BS decoding option with the language models also demonstrates competitive results but
exhibits higher SER scores than the MBR variants, implying difficulties in preserving slots effectively.
Overall, our findings suggest that DecoStrat has the potential to make a significant impact on D2T
generation tasks. The framework’s ability to explore different decoding strategies allows it to generate
diverse and contextually relevant text from structured data, addressing a key challenge in D2T
generation. Future work can build upon this framework to improve and explore its potential in
real-world scenarios. Additionally, investigating alternative decoding methods, language models,
learning-based evaluation metrics, and human evaluation could provide a more comprehensive
understanding of the framework’s performance.
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