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ABSTRACT

Text generation commonly relies on greedy and beam decoding that limit the
search space and degrade output quality. Minimum Bayes Risk (MBR) decoding
can mitigate this problem by utilizing automatic evaluation metrics and model-
generated pseudo-references. Previous studies have conducted empirical analyses
to reveal the improvement by MBR decoding, and reported various observations.
However, despite these observations, the theoretical relationship between them re-
mains uncertain. To address this, we present a novel theoretical interpretation of
MBR decoding from the perspective of bias-diversity decomposition. We decom-
pose errors in the estimated quality of generated hypotheses in MBR decoding
into two key factors: bias, which reflects the closeness between utility functions
and human evaluations, and diversity, which represents the variation in the esti-
mated quality of utility functions. Our theoretical analysis reveals the difficulty in
simultaneously improving both bias and diversity, and highlights the effectiveness
of increasing diversity to enhance MBR decoding performance. This analysis
verifies the alignment between our theoretical insights and the empirical results
reported in previous work. Furthermore, to support our theoretical findings, we
propose a new metric, pseudo-bias, which approximates the bias term using gold
references. We also introduce a new MBR approach, Metric-augmented MBR
(MAMBR), which increases diversity by adjusting the behavior of utility func-
tions without altering the pseudo-references. Experimental results across multi-
ple NLP tasks show that the decomposed terms in the bias-diversity decompo-
sition correlate well with performance, and that MAMBR improves text genera-
tion quality by modifying utility function behavior. Our code will be available at
https://github.com/[Anonymized].

1 INTRODUCTION

As demonstrated by the success of large language models (LLMs) (Brown et al., 2020; OpenAI
et al., 2024), text generation is one of the most fundamental tasks in Natural Language Processing
(NLP). Text generation commonly relies on greedy and beam searches, which heavily restrict the
search space when decoding texts from a model. This procedure, which only considers the model’s
predictions within a limited search space, can sometimes degrade the quality of the generated text.

Minimum Bayes Risk (MBR) decoding (Goel & Byrne, 2000) can mitigate this problem by using a
utility function, essentially an automatic evaluation metric, along with pseudo-references generated
by the model. MBR decoding was initially applied to speech recognition (Goel & Byrne, 2000)
and later to statistical machine translation (SMT) (Kumar & Byrne, 2002; 2004; Duan et al., 2011).
Following these successes, MBR decoding has been expanded to various text generation tasks, in-
cluding neural machine translation (NMT) (Stahlberg et al., 2017), text summarization (Bertsch
et al., 2023), and image captioning (Borgeaud & Emerson, 2020).

Since MBR decoding has become an important inference technique in text generation, various em-
pirical studies have explored its characteristics. Müller & Sennrich (2021); Freitag et al. (2022a);
Fernandes et al. (2022); Amrhein & Sennrich (2022) highlight the importance of using high quality
evaluation metrics that is robust and correlate well with human evaluations as utility functions. Jinnai
et al. (2024a); Heineman et al. (2024) emphasize the importance of high-quality pseudo-references
that closely resemble human-created ones, while also stressing the significance of pseudo-reference
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diversity. Although these empirical findings cover various aspects in detail, a unified interpretation
remains challenging due to the lack of theoretical frameworks explaining the relationships behind
them.

To address this gap, we provide theoretical interpretations of MBR decoding through bias-diversity
decomposition (Krogh & Vedelsby, 1994; Wood et al., 2024). Our theoretical interpretation focuses
on errors in the estimated quality of hypotheses in MBR decoding. These errors are decomposed
into two critical factors: bias and diversity. The bias term represents the closeness between the
estimated quality produced by utility functions and human evaluations. The diversity term reflects
the variance in the estimated quality across different utility functions. Based on this interpretation,
we theoretically demonstrate the difficulty in improving both the bias and diversity terms simulta-
neously, and we highlight the effectiveness of increasing diversity in MBR decoding, verifying the
correspondence with empirically induced results from previous work.

To empirically verify our theoretical findings, we propose pseudo-bias, which approximates the bias
term using gold references. Furthermore, to explore the potential for increasing the diversity term
by adjusting the behavior of utility functions without varying the pseudo-references, we introduce a
new MBR approach: Metric-augmented MBR (MAMBR).

Our empirical analysis on machine translation, text summarization, and image captioning—using
pseudo-references generated by five different sampling methods—shows that the decomposed bias
and diversity terms correlate with performance, consistent with our theoretical analysis. Moreover,
using MAMBR demonstrates performance improvements by simply modifying the behavior of util-
ity functions.

2 MINIMUM BAYES RISK (MBR) DECODING

Minimum Bayes Risk (MBR) decoding (Goel & Byrne, 2000) estimates the quality of each hypoth-
esis h in a set H by comparing it with each pseudo-reference (evidence sample) y in a set of all
sequences Ω and its model predicted probability P (y|x) for a given input sequence x. This pro-
cess uses an evaluation metric, treated as a utility function fθ(h, y), which calculates the similarity
between h and y to choose the best hypothesis ĥbest in H as follows:

ĥbest = argmax
h∈H

∑
y∈Ω

fθ(h, y)P (y|x), (1)

where θ represents the parameters of the evaluation metric used as the utility function fθ(h, y).
Since calculating Ω is intractable, Eikema & Aziz (2020; 2022) replace Ω with |Y|, a set of sampled
y as follows:

ĥmbr = argmax
h∈H

1

|Y|
∑
y∈Y

fθ(h, y), y ∼ P (y|x). (2)

Here, instead of using the utility function fθ(h, y), we can assume human-estimated quality (Naskar
et al., 2023; Suzgun et al., 2023; Jinnai et al., 2024a; Ohashi et al., 2024) denoted as f̂θ̂(h). Under
this assumption, the ideal decoding, which fully relies on human-estimated results, is represented as
follows:

ĥhuman = argmax
h∈H

f̂θ̂(h). (3)

In this paper, we focus on analyzing the differences between the internally estimated qualities for
each hypothesis by MBR decoding and those estimated by humans to better understand the charac-
teristics of MBR decoding (§3).

3 THEORETICAL ANALYSIS BASED ON BIAS-DIVERSITY DECOMPOSITION

3.1 EVALUATION DISCREPANCY

To measure the discrepancy between the human estimated quality, f̂θ̂(h) and the MBR decoding es-
timated quality, 1

|Y|
∑

y∈Y fθ(h, y), we define a |H|-dimensional vector uj that represents estimated
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quality for each hypothesis based on the j-th pseudo-reference and also define ū, the average vector
of all uj as follows:

uj =

 uj
1

· · ·
uj
|H|

 , uj
i = fθ(hi, yj), ū =

1

|Y|

|Y|∑
j=1

uj . (4)

Similarly, we can define a |H|-dimensional vector, û that represents the human estimated quality for
each hypothesis as follows:

û =

[
û1

· · ·
û|H|

]
, ûi = f̂θ̂(hi). (5)

Here, by using Equations 4 and 5, we can reformulate MBR decoding in Equation 2 and the ideal
decoding in Equation 3 as follows:

(2) ≡ ĥmbr = argmax
hi

ūi, (3) ≡ ĥhuman = argmax
hi

ûi. (6)

Therefore, based on Equation 6, we can investigate the discrepancy between the estimated quality
by MBR decoding and human through the comparison of ū and û. In our work, to estimate the
discrepancy, we consider the prediction error of ū to û by using Mean Squared Error (MSE) as
follows:

MSE(û, ū) =
1

|H|

|H|∑
i=1

(ûi − ūi)
2. (7)

3.2 BIAS-DIVERSITY DECOMPOSITION

Our goal is to reveal the characteristics of MBR decoding through theoretical analysis. To achieve
this, we focus on the bias and diversity underlying Equation 7. Based on this approach, we can
induce the following decomposition:
Theorem 1. The quality estimation error for each hypothesis in MBR decoding, (ûi − ūi)

2, can be
decomposed to bias and diversity (ambiguity) terms (Krogh & Vedelsby, 1994) as follows:

(ûi − ūi)
2 =

1

|Y|

|Y|∑
j=1

(ûi − fθ(hi, yj))
2

︸ ︷︷ ︸
Bias

− 1

|Y|

|Y|∑
j=1

(ūi − fθ(hi, yj))
2

︸ ︷︷ ︸
Diversity

. (8)

Proof. See Appendix A.

In Equation 8, two terms represent bias and diversity. Unlike the well-known bias-variance decom-
position (Geman et al., 1992) that targets a single estimator which is u in our case1, the second
term is negative, which is why it is referred to as diversity rather than variance (Wood et al., 2024).
The bias term indicates how closely the utility function’s estimated quality for a hypothesis matches
human estimation. The diversity term reflects how different the utility function’s estimated qualities
are for each other. This decomposition emphasizes the importance of increasing the diversity term
while reducing the bias term to improve the quality estimation error, (ûi− ūi)

2, for each hypothesis.

While MBR decoding considers all hypotheses to rank and select the best one, Theorem 1 addresses
only the quality estimation for each hypothesis. To bridge this gap, we decompose MSE(û, ū) that
accounts for all hypotheses. The following theorem addresses this broader perspective:
Theorem 2. The quality estimation error for all hypotheses in MBR decoding, MSE(û, ū), can be
decomposed into bias and diversity terms for all hypotheses as follows:

MSE(û, ū) =
1

|H|

|H|∑
i=1

1

|Y|

|Y|∑
j=1

(ûi − fθ(hi, yj))
2

︸ ︷︷ ︸
Bias for all hypotheses

− 1

|H|

|H|∑
i=1

1

|Y|

|Y|∑
j=1

(ūi − fθ(hi, yj))
2

︸ ︷︷ ︸
Diversity for all hypotheses

. (9)

1This becomes MSE(û, u) = 1
|H|

∑|H|
i=1

(
(ûi − ( 1

|H|
∑|H|

j=1 uj))
2 + (( 1

|H|
∑|H|

j=1 uj)− ui)
2
)
.
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Proof. See Appendix B.

As in Theorem 1, Theorem 2 highlights the importance of increasing the diversity term while de-
creasing the bias term to improve the quality estimation in MBR decoding.

3.3 INTERPRETATION

The decompositions presented in Theorems 1 and 2 allow us to provide theoretical interpretations
for the empirically analyzed characteristics of MBR decoding and its extensions discussed in prior
studies.

3.3.1 CORRELATION TO HUMAN EVALUATION RESULTS

The bias term of the decomposition, (ûi−fθ(hi, yj))
2, highlights the importance of considering the

closeness between the human-estimated quality, ûi, and the quality estimated by the utility function,
fθ(hi, yj), for improving the performance of MBR decoding. Specifically, since the utility function,
fθ(hi, yj), is influenced by the pseudo-reference yj , the bias term underscores the significance of
considering the utility function’s correlation to human evaluation and the closeness between pseudo-
references and human-created references. Therefore, it emphasizes the importance of examining
both utility functions and sampling strategies for generating pseudo-references.

Quality of Evaluation Metrics. Our theoretical insight is supported by empirical findings (Müller
& Sennrich, 2021; Freitag et al., 2022a; Fernandes et al., 2022; Amrhein & Sennrich, 2022), in which
the quality of evaluation metrics used as utility functions is crucial for performance improvement.

Quality of Pseudo-References. Ohashi et al. (2024); Jinnai et al. (2024a) empirically show the
importance of selecting appropriate pseudo-references. Thus, our findings theoretically support
these empirically driven insights of these previous studies.

Challenges in the Real World. Our theoretical findings emphasize the necessity of directly reduc-
ing the bias term. However, this requires human evaluation of the combination of pseudo-references
and evaluation metrics, used as utility functions, for each hypothesis. This task is clearly challenging
due to the high cost of human evaluation. As a solution, we propose a method to approximate this
in §4.1 and evaluated its correlation with task-specific performance in §5.3.

3.3.2 DIVERSITY OF AUTOMATIC EVALUATION RESULTS

Based on the diversity term of the decomposition, increasing diversity can contribute to performance
improvements by reducing each prediction error (ûi− ūi)

2 of MSE(û, ū) in MBR decoding. A key
insight here is that the diversity expressed by (ūi − fθ(hi, yj))

2 stems from the different estimated
qualities produced by each utility function fθ(hi, yj). Thus, this diversity can be influenced by the
pseudo-reference yj and/or the model parameters θ of the evaluation metric.

Diversity of Pseudo-references. This finding supports the previous studies (Freitag et al., 2023a;
Jinnai et al., 2024a; Heineman et al., 2024) that conclude the diversity of sampling methods is es-
sential for performance improvement of MBR decoding considering that the diversity of the pseudo-
references can indirectly contribute to increasing the diversity of fθ(hi, yj) by each yj . Basically,
as Jinnai et al. (2024a) introduce, reranking algorithms are more effective when the candidates are
diverse (Gimpel et al., 2013; Li & Jurafsky, 2016; Li et al., 2016) owing to their diverse information
to make a consensus.

Diversity of Evaluation Metrics. We anticipate performance improvements by combining multiple
different evaluation metrics as utility functions to increase diversity. While this approach has been
shown to improve the quality estimation of generated texts (Glushkova et al., 2023), to the best of
our knowledge, it has not yet been applied to MBR decoding.

Unexplored Aspect. Furthermore, the effect of increasing the diversity of estimated qualities from
utility functions by varying the evaluation metric’s model parameters θ remains uncertain. To inves-
tigate this, we propose a method to adjust the diversity of estimated qualities by modifying θ in §4.2
and compare its behavior with that of varying pseudo-references in §5.4.
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3.3.3 MBR DECODING AS ENSEMBLE LEARNING

Our decomposition of MBR decoding aligns with ensemble learning, which is induced by Krogh &
Vedelsby (1994). Thus, we can understand that the quality estimation by MBR decoding is a kind
of ensemble learning.

Quality Estimation. Our decomposition starts from the definition MSE(û, ū) in Eq. 7, the error
between the estimated qualities from human evaluation and MBR decoding. We can actually observe
the reduction of errors as the improvement in quality score estimation of (Naskar et al., 2023; Cheng
& Vlachos, 2024) by ensembling utility functions that are similar to MBR decoding.

Weighted-voting. Furthermore, this viewpoint supports the validity of the previous work (Suzgun
et al., 2023; Bertsch et al., 2023) that shows the interpretation of MBR decoding as soft-weighted
voting, a variant of ensemble learning. Different from our setting, soft-weighted voting restricts the
value range of voters (utility functions) from 0 to 1. Wood et al. (2024) shows that soft-weighted
voting can be converted to the decomposition of Krogh & Vedelsby (1994), equivalent to our de-
composition in Eq. 8. Therefore, weighted voting-based MBR decoding is similarly explained in
our decomposition.

Number of Pseudo-references. Generally, increasing the number of pseudo-references improves
performance but demands additional computational cost. DeNero et al. (2009); Eikema & Aziz
(2022); Cheng & Vlachos (2023); Deguchi et al. (2024b); Vamvas & Sennrich (2024); Trabelsi et al.
(2024) prune samples to speedup inference and maintain the original quality similar to the case of
pruning estimators in ensemble learning (Liu et al., 2004; Bonab & Can, 2016; 2019).

Considering an ensemble learning method, such as the Bayes optimal classifier (Mitchell, 1997), and
assuming that Eq. 2 approximates the expectation by sampling yj , we can explain the performance
improvement of increased pseudo-references by the law of large numbers and the success of the
pruning and weighted utility functions (Jinnai et al., 2024b) through importance sampling (Kloek &
Van Dijk, 1978). (See Appendix C for more details.)

3.3.4 BIAS AND DIVERSITY TRADE-OFF

At first glance, based on the interpretation in §3.3.1 and §3.3.2, decreasing bias while increasing
diversity seems to be the best strategy to improve quality estimation performance in MBR decoding,
which was investigated by Jinnai et al. (2024a). To understand the validity of this strategy, we need
to focus on the bias-diversity trade-off (Krogh & Vedelsby, 1994).

Limitation of MBR Decoding. The bias-diversity trade-off highlights the difficulty of decreasing
bias while increasing diversity. In Eqs. 8 and 9, when the bias term approaches zero, i.e., each
fθ(hi, yj) approaching to ûi, the diversity term also approaches zero. This theoretical fact indicates
that even if we can prepare high-quality evaluation metrics and high-quality pseudo-references that
correlate well with human behavior, there may be no performance improvement due to diminished
diversity.

Diversity Assists Inferior Methods. Conversely, when the evaluation metrics and pseudo-
references are inferior, we can expect performance improvements through increased diversity at
the cost of increased bias. This phenomenon can explain the sometimes competitive performance
of BLEU (Papineni et al., 2002) against COMET (Rei et al., 2020) in Freitag et al. (2022b), and
that of ancestral sampling (Robert, 1999) against other sampling methods in Freitag et al. (2023a);
Ohashi et al. (2024) using MBR decoding. However, unlike the case where decreased bias leads
to decreased diversity, increased bias does not guarantee increased diversity. Therefore, we must
carefully assess their diversity when using low-quality evaluation metrics and pseudo-references in
MBR decoding.

4 REMAINING PROBLEMS & SOLUTIONS

Our theoretical analysis covers various aspects of MBR decoding. However, for a comprehensive
analysis, we should investigate empirical results not addressed in previous work and bridge the gap
between theory and real-world applications. To this end, we provide the following solutions.

5
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4.1 PSEUDO-BIAS

As discussed in §3.3.1, the bias term suggests the importance of considering the correlation between
the results of human evaluation and the evaluation metric’s decisions based on pseudo-references
to improve the performance of MBR decoding. However, calculating the bias term requires human
evaluation, and conducting human evaluations for each setting is unrealistic and difficult. To address
this issue, we introduce pseudo-bias, an approximation of the bias term in our decomposition. By
using |Ŷ|, the number of gold references ŷ, pseudo-bias is defined as follows:

1

|Y|

|Y|∑
j=1

(ûi − fθ(hi, yj))
2

︸ ︷︷ ︸
Bias

≈ 1

|Y|

|Y|∑
j=1

(ũi − fθ(hi, yj))
2

︸ ︷︷ ︸
Pseudo-bias

, ũi =
1

|Ŷ|

|Ŷ|∑
j=1

fθ(hi, ŷj). (10)

This formulation is based on the premise that automatic evaluation metrics correlate to human eval-
uation when receiving human-created references.2 Since we can calculate the diversity term without
any approximation, we compare pseudo-bias with diversity in terms of how they correlate with per-
formance.

4.2 METRIC-AUGMENTED MBR

The discussion in §3.3.2 shows the possibility of increasing the diversity of the utility function,
fθ(hi, yj), by changing the evaluation metric’s model parameters, θ, as well as by introducing di-
versity through pseudo-references. To this end, we propose a new method called Metric-augmented
Minimum Bayes Risk (MAMBR) decoding. In MAMBR, we employ different parameters for the
evaluation metric to enhance the diversity of utility functions. Letting Θ be a set of model parame-
ters, MAMBR is defined as follows:

ĥmambr = argmax
h∈H

1

|Y| |Θ|
∑
θ∈Θ

∑
y∈Y

fθ(h, y). (11)

When using MAMBR, we train evaluation metrics with different initial random seeds to generate Θ
as a set of diverse model parameters.

5 EMPIRICAL ANALYSIS

We conduct empirical analysis corresponding to our theoretical analysis through experiments for a
comprehensive understanding of MBR decoding.

5.1 OVERALL SETTINGS

We target three different text generation tasks, machine translation, text summarization, and image
captioning to investigate the general performance of MBR decoding. In all tasks, we followed the
settings of Jinnai et al. (2024b) for generating samples. We used epsilon sampling (Hewitt et al.,
2022) to generate hypotheses.3 For the generation of pseudo-references, we used various sampling
approaches: beam decoding, nucleus sampling (Holtzman et al., 2020) with p = 0.9, ancestral
sampling, top-k sampling (Fan et al., 2018) with k = 10, and epsilon sampling with ϵ = 0.02. We
set the sampling size for hypotheses to 64. We chose the sampling size for pseudo-references from
{4, 8, 16, 32, 64}. We used the following datasets, models4, and evaluation metrics for each task:

Machine Translation We used the WMT19 English to German (En-De) and WMT19 English to
Russian (En-Ru) datasets (Barrault et al., 2019). We used facebook/wmt19-en-de for En-De

2For the pseudo-bias, we used COMET (Unbabel/wmt22-comet-da) and BERTScore with
microsoft/deberta-xlarge-mnli whose pearson correlations are 0.990 on the system-level task for
English to German (Freitag et al., 2023b) and 0.7781 (https://github.com/Tiiiger/bert_score)
on WMT16 to English (Bojar et al., 2016), respectively.

3Appendix G.1 includes the results with hypotheses generated by different sampling methods.
4We used all models from https://huggingface.co/models (Wolf et al., 2020).
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WMT19 En-De

WMT19 En-Ru

SAMSum
XSum MSCOCO

NoCaps
Avg.

Overall Bias

One Best Bias

Overall Diversity

One Best Diversity

Overall MSE

One Best MSE

0.56 0.24 0.75 0.35 -0.21 -0.04 0.32

0.58 0.36 0.67 0.80 0.59 0.18 0.56

0.46 0.64 0.30 0.56 0.66 0.04 0.46

0.44 0.64 -0.04 0.39 0.16 -0.45 0.21

0.76 0.60 0.87 0.68 0.36 0.15 0.62

0.79 0.65 0.67 0.79 0.56 0.16 0.64

Spearman’s Rank Correlation

WMT19 En-De

WMT19 En-Ru

SAMSum
XSum MSCOCO

NoCaps
Avg.

0.06 -0.15 0.78 0.17 0.05 0.04 0.20

0.10 -0.04 0.63 0.76 0.33 -0.11 0.32

0.07 0.33 0.11 0.49 0.54 -0.03 0.26

0.06 0.30 0.03 0.39 0.14 -0.46 0.08

0.15 -0.01 0.83 0.37 0.23 0.01 0.31

0.20 0.12 0.59 0.80 0.31 -0.20 0.35

Pearson’s Correlation

−0.4

−0.2

0.0

0.2

0.4

0.6

0.8

Figure 1: Correlation between measures in our decomposition and performance for each dataset.
The underlined scores indicate statistically significant results (p < 0.05).7Note that the italic scores
at Avg. are not the target of the significance test.

and facebook/wmt19-en-ru for En-Ru, respectively. As the utility function and evaluation
metric, we used COMET with the model Unbabel/wmt22-comet-da.

Text Summarization We used the SAMSum (Gliwa et al., 2019) and XSum (Narayan
et al., 2018) datasets, and used philschmid/bart-large-cnn-samsum and
facebook/bart-large-xsum for generation in SAMSum and XSum, respectively. As
the utility function and evaluation metric, we used BERTScore (Zhang* et al., 2020) with the model
microsoft/deberta-xlarge-mnli.

Image Captioning We used the MSCOCO dataset (Lin et al., 2014) with the split of
Karpathy & Fei-Fei (2015) and the NoCaps dataset (Agrawal et al., 2019). We used
Salesforce/blip2-flan-t5-xl-coco and Salesforce/blip2-flan-t5-xl for
generation in MSCOCO and NoCaps, respectively. As the utility function and evaluation metric, we
used BERTScore with the model microsoft/deberta-xlarge-mnli. Since both datasets
have multiple references, we report their average scores.

Our implementation of the generation part is based on the released code of Jinnai et al. (2024b)5

and the MBR decoding part is based on the toolkit, mbrs by Deguchi et al. (2024a)6. We generate
samples on NVIDIA GeForce RTX 3090 and perform MBR decoding on an NVIDIA RTX A6000.

5.2 CORRELATION OF BIAS AND DIVERSITY TO PERFORMANCE

To verify our theoretical decomposition, we investigate the correlation of bias and diversity to per-
formance on each dataset. For this purpose, we approximately compute the bias term by using our
pseudo-bias in §4.1. Furthermore, we investigate the importance of whether to consider the entire
candidate (Eq. 9) or one best candidate (Eq. 8).

Settings We compared the following measures in our decomposition: OVERALL BIAS, the first
term of Eq. 9 for all hypotheses; ONE BEST BIAS, the first term of Eq. 8 for the one best result by
MBR decoding; OVERALL DIVERSITY, the second term of Eq. 9 for all hypotheses; ONE BEST
DIVERSITY, the second term of Eq. 8 for the one best result by MBR decoding; OVERALL MSE,
indicating errors for all hypotheses based on Eq. 9; and ONE BEST MSE, indicating errors for the
one best result by MBR decoding based on Eq. 8. For the comparison, we calculated Spearman’s
rank correlation and Pearson correlation between these measures and the performance based on the
results of five different sampling methods with five different sampling sizes on each dataset (see
§5.1). Since lower bias and MSE are better for performance, we took their negative values in the
correlation calculation. Moreover, we report averaged correlation across all datasets by Fisher z-
transformation (Corey et al., 1998).

Results Figure 1 shows the correlation between the measures and performance for each dataset.
These results show that MSE for both overall and one best results correlates well with the perfor-
mance for each dataset in Spearman’s rank correlation, indicating the importance of considering
quality estimation in MBR decoding, as in Eqs. 8 and 9. On the other hand, the decomposed bias

5https://github.com/CyberAgentAILab/model-based-mbr
6https://github.com/naist-nlp/mbrs
7We used Student’s t-test (Student, 1908) for both spearman and pearson correlations.
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Figure 2: The relationship between bias, diversity, and performance in MBR decoding. The x-axis
shows the number of used pseudo-references. (↑) indicates higher scores are better whereas (↓)
indicates lower scores are better.

and diversity show different tendencies. ONE BEST BIAS, which considers the one best result, is
important for bias, whereas OVERALL DIVERSITY, which considers overall results, is important for
diversity. This result is reasonable given an assumption that MBR decoding aims to select texts that
are close to human-created ones. Based on this assumption, we can say that diversity supports the se-
lection by considering the importance of all hypotheses not covered by One Best Bias. In contrast to
the results in Spearman’s rank correlation, the coefficients of Pearson’s correlation decrease. Based
on these results, we can conclude that the measures, i.e., ONE BEST BIAS, OVERALL DIVERSITY,
ONE BEST MSE and OVERALL MSE, correlate well with the rank in performance, but they are
difficult to precisely capture subtle differences of values. (See Appendix D for further details.)

5.3 BIAS AND DIVERSITY TRADE-OFF

To investigate the bias-diversity trade-off in more detail, we followed the setup described in §5.2.
We plotted the results for each dataset using different sampling methods in Figure 2. The results
show that while ancestral sampling exhibits the highest bias, except in the case of the SAMSum
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Table 1: Results of MAMBR with ancestral sampling. Bold font indicates the best result.

WMT19 En-De WMT19 En-Ru

Num. of Samples 4 8 16 32 64 4 8 16 32 64

Num. of Models

1 85.7 85.9 85.9 85.9 85.9 87.4 87.4 87.5 87.5 87.5

2 85.7 86.0 86.0 85.9 85.9 87.4 87.4 87.5 87.5 87.6
4 85.8 86.0 86.0 86.0 86.0 87.4 87.4 87.5 87.5 87.6
8 85.8 86.0 86.0 86.0 86.1 87.4 87.5 87.6 87.6 87.6

SAMSum XSum

Num. of Samples 4 8 16 32 64 4 8 16 32 64

Num. of Models

1 28.6 29.1 29.5 29.5 29.7 54.2 55.2 55.7 56.0 56.1

2 28.8 29.6 29.9 29.9 30.1 54.2 55.2 55.7 56.1 56.2
4 28.7 29.5 29.9 29.8 30.2 54.2 55.2 55.8 56.1 56.2
8 28.7 29.5 29.8 29.9 30.1 54.3 55.3 55.8 56.1 56.2

MSCOCO NoCaps

Num. of Samples 4 8 16 32 64 4 8 16 32 64

Num. of Models

1 54.9 55.8 56.3 56.5 56.8 42.9 45.3 46.8 47.8 48.6

2 54.9 55.8 56.4 56.6 56.8 43.2 45.6 47.2 48.3 48.9
4 54.9 56.0 56.4 56.7 56.9 43.3 45.6 47.3 48.4 49.0
8 54.9 56.0 56.5 56.8 56.9 43.5 45.7 47.4 48.5 49.0

Table 2: Results of MAMBR with epsilon sampling. Notations are the same as Table 1.

WMT19 En-De WMT19 En-Ru

Num. of Samples 4 8 16 32 64 4 8 16 32 64

Num. of Models

1 85.9 86.1 86.2 86.2 86.2 87.3 87.6 87.7 87.7 87.7

2 86.0 86.1 86.1 86.2 86.3 87.3 87.6 87.7 87.7 87.7
4 86.0 86.1 86.2 86.2 86.3 87.4 87.6 87.7 87.7 87.7
8 86.0 86.2 86.3 86.3 86.4 87.4 87.7 87.7 87.7 87.8

SAMSum XSum

Num. of Samples 4 8 16 32 64 4 8 16 32 64

Num. of Models

1 27.5 27.9 28.3 28.4 28.5 54.9 55.7 56.1 56.3 56.4

2 27.7 28.1 28.5 28.6 28.7 54.9 55.7 56.1 56.3 56.5
4 27.7 28.2 28.5 28.6 28.6 54.9 55.7 56.1 56.4 56.5
8 27.6 28.2 28.6 28.6 28.7 54.9 55.8 56.2 56.4 56.5

MSCOCO NoCaps

Num. of Samples 4 8 16 32 64 4 8 16 32 64

Num. of Models

1 55.2 55.9 56.3 56.5 56.7 44.4 46.7 48.5 49.1 49.5

2 55.2 55.9 56.3 56.5 56.7 44.4 46.8 48.6 49.2 49.6
4 55.2 56.0 56.3 56.6 56.8 44.5 46.9 48.7 49.3 49.7
8 55.3 56.1 56.3 56.6 56.8 44.6 47.0 48.7 49.4 49.7

dataset, it sometimes outperforms other sampling methods owing to its greater diversity. Focusing
on top-k sampling, which has the lowest bias, again excluding the SAMSum dataset, we can observe
that the reduction in bias tends to limit the increase in diversity. This finding supports our previously
noted bias-diversity trade-off in MBR decoding. However, as evidenced by the performance of beam
decoding, which has the lowest diversity, the importance of bias and diversity varies depending on
the target dataset. Therefore, while our theoretical analysis effectively explains the performance
tendencies in MBR decoding, it remains essential to consider task-specific features carefully to
achieve further performance improvements. (See Appendix E for further details.)

5.4 EFFECTIVENESS OF METRIC-AUGMENTED MBR

We investigate the possibility of improving performance of MAMBR in Eq. 11 by changing auto-
matic evaluation metric’s model parameters.
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Table 3: Results of MAMBR with beam decoding. Notations are the same as Table 1.

WMT19 En-De WMT19 En-Ru

Num. of Samples 4 8 16 32 64 4 8 16 32 64

Num. of Models

1 85.2 85.4 85.6 85.7 85.8 86.5 86.8 87.0 87.1 87.1

2 85.3 85.5 85.7 85.8 85.8 86.5 86.8 86.9 87.1 87.1
4 85.3 85.5 85.7 85.8 85.8 86.6 86.9 87.0 87.1 87.2
8 85.3 85.5 85.7 85.8 85.9 86.5 86.8 87.0 87.1 87.2

SAMSum XSum

Num. of Samples 4 8 16 32 64 4 8 16 32 64

Num. of Models

1 27.6 28.7 29.2 29.3 29.7 53.8 54.0 54.2 54.2 54.4

2 27.8 28.9 29.2 29.4 29.7 53.8 53.9 54.1 54.2 54.4
4 27.8 28.9 29.2 29.4 29.7 53.8 54.0 54.2 54.2 54.4
8 27.8 28.9 29.2 29.4 29.7 53.8 54.0 54.2 54.2 54.4

MSCOCO NoCaps

Num. of Samples 4 8 16 32 64 4 8 16 32 64

Num. of Models

1 55.4 55.7 55.9 56.1 56.3 48.2 48.8 49.4 49.9 50.2

2 55.4 55.8 55.9 56.1 56.3 48.2 48.8 49.4 49.9 50.3
4 55.5 55.7 55.9 56.1 56.3 48.2 48.8 49.5 49.9 50.2
8 55.5 55.7 55.9 56.1 56.3 48.2 48.8 49.5 49.9 50.2

Settings To prepare the set of model parameters, we trained eight models by varying their initial
seeds. We trained Unbabel/wmt22-comet-da on the Direct Assessments (DA) task (Graham
et al., 2013), using the WMT 2017 to 2020 datasets (Bojar et al., 2017; 2018; Barrault et al., 2019;
2020) for training and the WMT 2021 dataset (Akhbardeh et al., 2021) for validation in COMET.
Additionally, we trained microsoft/deberta-large on the MNLI dataset from GLUE (Wang
et al., 2018) for BERTScore. During inference, to control model diversity, we selected the top-n
models based on their proximity to the median validation scores, with n chosen from 1, 2, 4, 8.
We aimed to explore the relationship between the diversity caused by pseudo-references and model
parameters, focusing on sampling strategies with varying levels of diversity: ancestral sampling,
epsilon sampling, and beam decoding.

Results Tables 1, 2, and 3 respectively show the MAMBR results with pseudo-references from
ancestral sampling, epsilon sampling, and beam decoding. In ancestral and epsilon sampling, the
best and moderately diversified sampling strategies (as shown in Figure 2), we observe performance
improvement as the number of models increases. On the other hand, in the lowest diversity method,
beam decoding, performance improvement is limited. These results suggest that MAMBR can im-
prove performance by enhancing the diversity of evaluation metrics, although the diversity of the
sampling strategy itself remains important. (See Appendix F for further details.)

6 CONCLUSION

This work provides a unified theoretical interpretation of Minimum Bayes Risk (MBR) decoding
through the lens of bias-diversity decomposition. By decomposing the errors in quality estimation
in MBR decoding into bias and diversity, we highlight the trade-off between improving these two
factors, with an emphasis on the benefits of increasing diversity. Our theoretical insights align with
previous empirical results, and we further investigate aspects not covered by these empirical findings
through the introduction of the pseudo-bias metric and the development of the Metric-augmented
MBR (MAMBR) approach. Experimental results across multiple tasks demonstrate the validity of
our theoretical findings and the effectiveness of our approach in improving text generation quality.
These findings bridge the gap between empirical observations and theoretical understanding of MBR
decoding, offering new insights for optimizing text generation. (See Appendix H for the limitations
of our work.)
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7 REPRODUCIBILITY STATEMENT

We performed our experiments by running publicly available models, facebook/wmt19-en-de,
facebook/wmt19-en-ru, philschmid/bart-large-cnn-samsum, facebook/
bart-large-xsum, Salesforce/blip2-flan-t5-xl-coco, and Salesforce/
blip2-flan-t5-xl in HuggingFace Transformers (Wolf et al., 2020) on the publicly
available datasets, WMT19 English to German (Barrault et al., 2019), WMT19 English
to Russian (Barrault et al., 2019), SAMSum (Gliwa et al., 2019), XSum (Narayan et al.,
2018), MSCOCO (Lin et al., 2014; Karpathy & Fei-Fei, 2015), and NoCaps (Agrawal
et al., 2019), respectively with utilizing the publicly available MBR decoding toolkit, mbrs
(Deguchi et al., 2024a) as described in §5.1. In addition, we will release our code at
https://github.com/naist-nlp/mbr-bias-diversity.
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jee, Vishrav Chaudhary, Marta R. Costa-jussa, Cristina España-Bonet, Angela Fan, Christian Fe-
dermann, Markus Freitag, Yvette Graham, Roman Grundkiewicz, Barry Haddow, Leonie Harter,
Kenneth Heafield, Christopher Homan, Matthias Huck, Kwabena Amponsah-Kaakyire, Jungo
Kasai, Daniel Khashabi, Kevin Knight, Tom Kocmi, Philipp Koehn, Nicholas Lourie, Christof
Monz, Makoto Morishita, Masaaki Nagata, Ajay Nagesh, Toshiaki Nakazawa, Matteo Negri,
Santanu Pal, Allahsera Auguste Tapo, Marco Turchi, Valentin Vydrin, and Marcos Zampieri.
Findings of the 2021 conference on machine translation (WMT21). In Loic Barrault, Ondrej Bo-
jar, Fethi Bougares, Rajen Chatterjee, Marta R. Costa-jussa, Christian Federmann, Mark Fishel,
Alexander Fraser, Markus Freitag, Yvette Graham, Roman Grundkiewicz, Paco Guzman, Barry
Haddow, Matthias Huck, Antonio Jimeno Yepes, Philipp Koehn, Tom Kocmi, Andre Martins,
Makoto Morishita, and Christof Monz (eds.), Proceedings of the Sixth Conference on Machine
Translation, pp. 1–88, Online, November 2021. Association for Computational Linguistics. URL
https://aclanthology.org/2021.wmt-1.1.

Chantal Amrhein and Rico Sennrich. Identifying weaknesses in machine translation metrics through
minimum Bayes risk decoding: A case study for COMET. In Yulan He, Heng Ji, Sujian Li, Yang
Liu, and Chua-Hui Chang (eds.), Proceedings of the 2nd Conference of the Asia-Pacific Chapter
of the Association for Computational Linguistics and the 12th International Joint Conference on
Natural Language Processing (Volume 1: Long Papers), pp. 1125–1141, Online only, Novem-
ber 2022. Association for Computational Linguistics. URL https://aclanthology.org/
2022.aacl-main.83.

Loı̈c Barrault, Ondřej Bojar, Marta R. Costa-jussà, Christian Federmann, Mark Fishel, Yvette Gra-
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rics shared task. In Ondřej Bojar, Christian Buck, Rajen Chatterjee, Christian Federmann, Liane
Guillou, Barry Haddow, Matthias Huck, Antonio Jimeno Yepes, Aurélie Névéol, Mariana Neves,
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Negri, Aurélie Névéol, Mariana Neves, Matt Post, Lucia Specia, Marco Turchi, and Karin Ver-
spoor (eds.), Proceedings of the Third Conference on Machine Translation: Shared Task Papers,
pp. 272–303, Belgium, Brussels, October 2018. Association for Computational Linguistics. doi:
10.18653/v1/W18-6401. URL https://aclanthology.org/W18-6401.

Hamed Bonab and Fazli Can. Less is more: A comprehensive framework for the number of compo-
nents of ensemble classifiers. IEEE Transactions on Neural Networks and Learning Systems, 30
(9):2735–2745, 2019. doi: 10.1109/TNNLS.2018.2886341.

Hamed R. Bonab and Fazli Can. A theoretical framework on the ideal number of classifiers for
online ensembles in data streams. In Proceedings of the 25th ACM International on Conference
on Information and Knowledge Management, CIKM ’16, pp. 2053–2056, New York, NY, USA,
2016. Association for Computing Machinery. ISBN 9781450340731. doi: 10.1145/2983323.
2983907. URL https://doi.org/10.1145/2983323.2983907.

Sebastian Borgeaud and Guy Emerson. Leveraging sentence similarity in natural language gen-
eration: Improving beam search using range voting. In Alexandra Birch, Andrew Finch, Hi-
roaki Hayashi, Kenneth Heafield, Marcin Junczys-Dowmunt, Ioannis Konstas, Xian Li, Graham
Neubig, and Yusuke Oda (eds.), Proceedings of the Fourth Workshop on Neural Generation and
Translation, pp. 97–109, Online, July 2020. Association for Computational Linguistics. doi:
10.18653/v1/2020.ngt-1.11. URL https://aclanthology.org/2020.ngt-1.11.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan, Prafulla Dhari-
wal, Arvind Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, Sandhini Agar-
wal, Ariel Herbert-Voss, Gretchen Krueger, Tom Henighan, Rewon Child, Aditya Ramesh,
Daniel Ziegler, Jeffrey Wu, Clemens Winter, Chris Hesse, Mark Chen, Eric Sigler, Mateusz
Litwin, Scott Gray, Benjamin Chess, Jack Clark, Christopher Berner, Sam McCandlish, Alec

12

https://aclanthology.org/2020.wmt-1.1
https://aclanthology.org/2023.bigpicture-1.9
https://aclanthology.org/2023.bigpicture-1.9
https://aclanthology.org/W16-2302
https://aclanthology.org/W17-4717
https://aclanthology.org/W18-6401
https://doi.org/10.1145/2983323.2983907
https://aclanthology.org/2020.ngt-1.11


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2025

Radford, Ilya Sutskever, and Dario Amodei. Language models are few-shot learners. In
H. Larochelle, M. Ranzato, R. Hadsell, M.F. Balcan, and H. Lin (eds.), Advances in Neu-
ral Information Processing Systems, volume 33, pp. 1877–1901. Curran Associates, Inc.,
2020. URL https://proceedings.neurips.cc/paper_files/paper/2020/
file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf.

Julius Cheng and Andreas Vlachos. Faster minimum Bayes risk decoding with confidence-based
pruning. In Houda Bouamor, Juan Pino, and Kalika Bali (eds.), Proceedings of the 2023 Confer-
ence on Empirical Methods in Natural Language Processing, pp. 12473–12480, Singapore, De-
cember 2023. Association for Computational Linguistics. doi: 10.18653/v1/2023.emnlp-main.
767. URL https://aclanthology.org/2023.emnlp-main.767.

Julius Cheng and Andreas Vlachos. Measuring uncertainty in neural machine translation with
similarity-sensitive entropy. In Yvette Graham and Matthew Purver (eds.), Proceedings of the
18th Conference of the European Chapter of the Association for Computational Linguistics (Vol-
ume 1: Long Papers), pp. 2115–2128, St. Julian’s, Malta, March 2024. Association for Compu-
tational Linguistics. URL https://aclanthology.org/2024.eacl-long.129.

David M Corey, William P Dunlap, and Michael J Burke. Averaging correlations: Expected values
and bias in combined pearson rs and fisher’s z transformations. The Journal of general psychology,
125(3):245–261, 1998.

Hiroyuki Deguchi, Yusuke Sakai, Hidetaka Kamigaito, and Taro Watanabe. mbrs: A library for
minimum bayes risk decoding, 2024a. URL https://arxiv.org/abs/2408.04167.

Hiroyuki Deguchi, Yusuke Sakai, Hidetaka Kamigaito, Taro Watanabe, Hideki Tanaka, and Masao
Utiyama. Centroid-based efficient minimum Bayes risk decoding. In Lun-Wei Ku, Andre Martins,
and Vivek Srikumar (eds.), Findings of the Association for Computational Linguistics ACL 2024,
pp. 11009–11018, Bangkok, Thailand and virtual meeting, August 2024b. Association for Com-
putational Linguistics. URL https://aclanthology.org/2024.findings-acl.
654.

John DeNero, David Chiang, and Kevin Knight. Fast consensus decoding over translation forests. In
Keh-Yih Su, Jian Su, Janyce Wiebe, and Haizhou Li (eds.), Proceedings of the Joint Conference
of the 47th Annual Meeting of the ACL and the 4th International Joint Conference on Natural
Language Processing of the AFNLP, pp. 567–575, Suntec, Singapore, August 2009. Association
for Computational Linguistics. URL https://aclanthology.org/P09-1064.

Nan Duan, Mu Li, Ming Zhou, and Lei Cui. Improving phrase extraction via MBR phrase
scoring and pruning. In Proceedings of Machine Translation Summit XIII: Papers, Xi-
amen, China, September 19-23 2011. URL https://aclanthology.org/2011.
mtsummit-papers.20.

Bryan Eikema and Wilker Aziz. Is MAP decoding all you need? the inadequacy of the mode
in neural machine translation. In Donia Scott, Nuria Bel, and Chengqing Zong (eds.), Pro-
ceedings of the 28th International Conference on Computational Linguistics, pp. 4506–4520,
Barcelona, Spain (Online), December 2020. International Committee on Computational Linguis-
tics. doi: 10.18653/v1/2020.coling-main.398. URL https://aclanthology.org/2020.
coling-main.398.

Bryan Eikema and Wilker Aziz. Sampling-based approximations to minimum Bayes risk decod-
ing for neural machine translation. In Yoav Goldberg, Zornitsa Kozareva, and Yue Zhang (eds.),
Proceedings of the 2022 Conference on Empirical Methods in Natural Language Processing,
pp. 10978–10993, Abu Dhabi, United Arab Emirates, December 2022. Association for Computa-
tional Linguistics. doi: 10.18653/v1/2022.emnlp-main.754. URL https://aclanthology.
org/2022.emnlp-main.754.

Angela Fan, Mike Lewis, and Yann Dauphin. Hierarchical neural story generation. In Iryna
Gurevych and Yusuke Miyao (eds.), Proceedings of the 56th Annual Meeting of the Associa-
tion for Computational Linguistics (Volume 1: Long Papers), pp. 889–898, Melbourne, Aus-
tralia, July 2018. Association for Computational Linguistics. doi: 10.18653/v1/P18-1082. URL
https://aclanthology.org/P18-1082.

13

https://proceedings.neurips.cc/paper_files/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
https://aclanthology.org/2023.emnlp-main.767
https://aclanthology.org/2024.eacl-long.129
https://arxiv.org/abs/2408.04167
https://aclanthology.org/2024.findings-acl.654
https://aclanthology.org/2024.findings-acl.654
https://aclanthology.org/P09-1064
https://aclanthology.org/2011.mtsummit-papers.20
https://aclanthology.org/2011.mtsummit-papers.20
https://aclanthology.org/2020.coling-main.398
https://aclanthology.org/2020.coling-main.398
https://aclanthology.org/2022.emnlp-main.754
https://aclanthology.org/2022.emnlp-main.754
https://aclanthology.org/P18-1082


702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2025

Patrick Fernandes, António Farinhas, Ricardo Rei, José G. C. de Souza, Perez Ogayo, Graham
Neubig, and Andre Martins. Quality-aware decoding for neural machine translation. In Ma-
rine Carpuat, Marie-Catherine de Marneffe, and Ivan Vladimir Meza Ruiz (eds.), Proceed-
ings of the 2022 Conference of the North American Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies, pp. 1396–1412, Seattle, United States, July
2022. Association for Computational Linguistics. doi: 10.18653/v1/2022.naacl-main.100. URL
https://aclanthology.org/2022.naacl-main.100.

Markus Freitag, David Grangier, Qijun Tan, and Bowen Liang. High Quality Rather than High
Model Probability: Minimum Bayes Risk Decoding with Neural Metrics. Transactions of the
Association for Computational Linguistics, 10:811–825, 07 2022a. ISSN 2307-387X. doi: 10.
1162/tacl a 00491. URL https://doi.org/10.1162/tacl_a_00491.

Markus Freitag, Ricardo Rei, Nitika Mathur, Chi-kiu Lo, Craig Stewart, Eleftherios Avramidis,
Tom Kocmi, George Foster, Alon Lavie, and André F. T. Martins. Results of WMT22 metrics
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Felix Stahlberg, Adrià de Gispert, Eva Hasler, and Bill Byrne. Neural machine translation by
minimising the Bayes-risk with respect to syntactic translation lattices. In Mirella Lapata,
Phil Blunsom, and Alexander Koller (eds.), Proceedings of the 15th Conference of the Eu-
ropean Chapter of the Association for Computational Linguistics: Volume 2, Short Papers,
pp. 362–368, Valencia, Spain, April 2017. Association for Computational Linguistics. URL
https://aclanthology.org/E17-2058.

Student. Probable error of a correlation coefficient. Biometrika, pp. 302–310, 1908.

Mirac Suzgun, Luke Melas-Kyriazi, and Dan Jurafsky. Follow the wisdom of the crowd: Effec-
tive text generation via minimum Bayes risk decoding. In Anna Rogers, Jordan Boyd-Graber,
and Naoaki Okazaki (eds.), Findings of the Association for Computational Linguistics: ACL
2023, pp. 4265–4293, Toronto, Canada, July 2023. Association for Computational Linguis-
tics. doi: 10.18653/v1/2023.findings-acl.262. URL https://aclanthology.org/2023.
findings-acl.262.

Firas Trabelsi, David Vilar, Mara Finkelstein, and Markus Freitag. Efficient minimum bayes risk
decoding using low-rank matrix completion algorithms, 2024. URL https://arxiv.org/
abs/2406.02832.

Jannis Vamvas and Rico Sennrich. Linear-time minimum Bayes risk decoding with reference ag-
gregation. In Lun-Wei Ku, Andre Martins, and Vivek Srikumar (eds.), Proceedings of the 62nd
Annual Meeting of the Association for Computational Linguistics (Volume 2: Short Papers), pp.
790–801, Bangkok, Thailand, August 2024. Association for Computational Linguistics. URL
https://aclanthology.org/2024.acl-short.71.

Alex Wang, Amanpreet Singh, Julian Michael, Felix Hill, Omer Levy, and Samuel Bowman. GLUE:
A multi-task benchmark and analysis platform for natural language understanding. In Tal Linzen,
Grzegorz Chrupała, and Afra Alishahi (eds.), Proceedings of the 2018 EMNLP Workshop Black-
boxNLP: Analyzing and Interpreting Neural Networks for NLP, pp. 353–355, Brussels, Belgium,
November 2018. Association for Computational Linguistics. doi: 10.18653/v1/W18-5446. URL
https://aclanthology.org/W18-5446.

Thomas Wolf, Lysandre Debut, Victor Sanh, Julien Chaumond, Clement Delangue, Anthony Moi,
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2 (14)

=(ûi)
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C INTERPRETATION AS ENSEMBLE LEARNING

When |Y| is large enough to satisfy the law of large numbers, we can induce the following expecta-
tion in MBR decoding by using a model’s prediction, P (y|x):

argmax
h∈H

∑
y∈Ω

fθ(h, y)P (y|x) (27)

=argmax
h∈H

EP (y|x)[fθ(h, y)] (28)

≈ argmax
h∈H

1

|Y|
∑
y∈Y

fθ(h, y), y1, · · · , y|Y| ∼ P (y|x) (29)

Since this expectation is based on P (y|x), we can understand the importance of increasing the
number of pseudo-references to induce a reliable P (y|x).
Theorem 3. When fθ(h, y) is normalized as a probability Pθ(h|y), Equation 27 is equivalent to
Bayes Optimal Classifier (BOC) in Mitchell (1997).

Proof. Self-evident by the following reformulation:

argmax
h∈H

∑
y∈Ω

fθ(h, y)P (y|x) = argmax
h∈H

∑
y∈Ω

Pθ(h|y)P (y|x) (30)

Theorem 4. When fθ(h, y) is normalized as a probability Pθ(h|y), Equation 29 is equivalent to the
Gibbs algorithm in Mitchell (1997) that approximates BOC by sampling.

Proof. Self-evident by the following reformulation:

argmax
h∈H

1

|Y|
∑
y∈Y

fθ(h, y), y1, · · · , y|Y| ∼ P (y|x) (31)

=argmax
h∈H

∑
y∈Y

Pθ(h|y), y1, · · · , y|Y| ∼ P (y|x) (32)

Hence, we can understand that MBR decoding represented as Eqs. 27 and 29 approximates the
ensemble learning method, BOC. In this interpretation, since P (y|x) is a prior of BOC, we can also
understand that MBR approximately uses the model-predicted probability as its prior.

When pruning unnecessary y in the BOC formulation of Equation 30, because the sum of Pθ(h|y)
for all h is always 1, we can determine the importance of y based solely on P (y|x). Since we can ar-
bitrarily choose P (y|x) during sampling, we understand that pruning methods select the importance
of each y as a prior in BOC. Note that utility functions are not always normalized; therefore, there
is a gap between this interpretation and the actual MBR decoding. Addressing this gap remains an
open problem.

In practice, directly drawing samples from P (y|x) is intractable. Therefore, we must use approxi-
mate search methods, which are commonly influenced by left-to-right decoding and threshold val-
ues. These factors can lead to unreachable states and biases, as seen in greedy or beam decoding
and other sampling approaches. Letting P ′(y|x) denote the model’s prediction with the approximate
search, we can similarly induce the following expectation:

argmax
h∈H

1

|Y|
∑
y∈Y

fθ(h, y), y1, · · · , y|Y| ∼ P ′(y|x) (33)

≈ argmax
h∈H

EP ′(y|x)[fθ(h, y)] (34)

Unfortunately, due to P ′(y|x), Equation 34 deviates from Equation 28. To precisely predict Eq. 27
using samples from P ′(y|x), we can consider the following theorem:
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Theorem 5. When |Y| is enough large to satisfy the law of large numbers, by using importance
sampling, we can induce Eq. 28 from P ′(y|x).

Proof.

argmax
h∈H

EP (y|x)[fθ(h, y)] (35)

=argmax
h∈H

∑
y

P (y|x)fθ(h, y) (36)

=argmax
h∈H

∑
y

P (y|x)fθ(h, y)
P ′(y|x)
P ′(y|x) (37)

=argmax
h∈H

∑
y

P ′(y|x)fθ(h, y)
P (y|x)
P ′(y|x) (38)

≈ argmax
h∈H

∑
y∈Y

fθ(h, y)
P (y|x)
P ′(y|x) , y1, · · · , y|Y| ∼ P ′(y|x) (39)

Apart from the fact that even precisely calculating P ′(y|x) is also difficult, we can induce the fol-
lowing theorem:

Theorem 6. When |Y| is enough large to satisfy the law of large numbers and P ′(y|x) equals a
discrete uniform distribution U(0, |Y|), Equation 39 is equivalent to Model-based MBR (MBMBR)
of Jinnai et al. (2024b).

Proof.

argmax
h∈H

∑
y∈Y

fθ(h, y)
P (y|x)
P ′(y|x) , y1, · · · , y|Y| ∼ P ′(y|x) (40)

=argmax
h∈H

1

|Y|
∑
y∈Y

fθ(h, y)P (y|x), y1, · · · , y|Y| ∼ U(0, |Y|) (41)

=argmax
h∈H

∑
y∈Y

fθ(h, y)P (y|x), y1, · · · , y|Y| ∼ U(0, |Y|) (42)

From Theorem 6, we can understand that MBMBR is an effective approach when sampling methods
are unreliable. Based on the interpretation from the viewpoint of BOC, Equation 42 estimates the
importance for each y through prior P (y|x), which can be used for pruning y.

Even though our interpretation can explain the pruning of pseudo-references based on priors in BOC,
pruning hypotheses are out-of-scope of this interpretation.

D CORRELATION OF BIAS AND DIVERSITY TO PERFORMANCE

We further investigate whether our analysis in §5.2 is consistent when metrics used in MBR decoding
and performance evaluation are different.

Settings Based on the inherited settings from §5.2, we changed the performance evaluation met-
rics, COMET and BERTScore to BLEURT (Sellam et al., 2020) and chrF++ (Popović, 2015;
2017). We used BLEURT on single sentence generation tasks, WMT19 En-De and En-Ru, XSum,
MSCOCO, and NoCaps. Since SAMSum is a multiple-sentence generation task and BLEURT can-
not handle it, we used chrF++ instead.
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WMT19 En-De

WMT19 En-Ru

SAMSum
XSum MSCOCO

NoCaps
Avg.

Overall Bias

One Best Bias

Overall Diversity

One Best Diversity

Overall MSE

One Best MSE

0.34 -0.17 -0.13 0.53 -0.17 0.06 0.09

0.35 -0.13 0.44 0.81 0.44 0.05 0.38

0.63 0.88 0.91 0.34 0.48 -0.24 0.61

0.62 0.89 0.78 0.17 -0.08 -0.69 0.39

0.66 -0.06 0.04 0.79 0.21 0.03 0.33

0.67 0.01 0.44 0.79 0.39 -0.07 0.42

Spearman’s Rank Correlation

WMT19 En-De

WMT19 En-Ru

SAMSum
XSum MSCOCO

NoCaps
Avg.

-0.11 -0.59 -0.13 0.49 0.17 0.19 -0.00

-0.06 -0.51 0.55 0.77 0.39 -0.29 0.19

0.23 0.70 0.81 0.14 0.37 -0.34 0.38

0.22 0.68 0.80 0.03 0.01 -0.70 0.22

-0.02 -0.48 0.06 0.64 0.25 -0.16 0.06
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Pearson’s Correlation
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0.00
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Figure 3: Correlation between measures in our decomposition and performance for each dataset
when using different metrics in decoding and performance evaluation. The notations are the same
as Figure 1.

Results Figure 3 shows the correlation. Similar to the results in §5.2, the measures, i.e., ONE
BEST BIAS, OVERALL DIVERSITY, and ONE BEST MSE in Spearman’s rank correlation correlate
well with the rank in performance, even though these correlation values are degraded by different
evaluation metrics from decoding time. The lower correlation values in Pearson’s correlation than
Spearman’s rank correlation also show similar tendencies in §5.2 and indicate the difficulty of pre-
cisely estimating the performance values from these measures. From these results, we can confirm
that correlation tendencies are consistent when changing the performance evaluation metrics.

E BIAS AND DIVERSITY TRADE-OFF

Similar to Appendix D, we further investigate whether our analysis in §5.3 is consistent when metrics
used in MBR decoding and performance evaluation are different.

Settings We inherited the setting of Appendix D. Thus, COMET and BERTScore used in MBR
decoding are replaced with BLEURT and chrF++ in performance evaluation.

Results Figure 4 shows the results. We can see the changed performances in the subfigures of
the rightmost column. The entire tendencies of beam decoding are almost the same as Figure 2,
excluding the case of the performance drop in SAMSum, whose evaluation metric is changed from
BERTScore to chrF++. However, this behavior is reasonable considering the highest One Best
Bias and lowest Overall Diversity of beam decoding in SAMSum. This result shows the
possibility of adopting bias and diversity in a metric to the estimation of performance in other eval-
uation metrics. On the other hand, these relationships are not always consistent as represented in the
uncorrelated values on NoCaps that permit diversified generation by its 10 gold references.

F BIAS AND DIVERSITY OF MAMBR

Figures 5, 6, and 7 show the bias and diversity corresponding to the results in Tables 1, 2, and 3,
respectively. The results show that MAMBR actually increases the diversities in WMT19 En-De and
En-Ru and SAMSum but not in the other dataset. Thus, this improvement depends on the datasets.
On the other hand, we can see the improvement of bias in some cases. This is reasonable because
using multiple metric models itself is an ensembling approach and can contribute to performance
improvement.

G EXPERIMENTAL RESULTS ON THE FIRST 1000 EXAMPLES

To consider more detailed configurations and reveal the possibility of more efficient investigation,
we conducted additional evaluation using only the first 1000 examples for each dataset based on the
setting of Jinnai et al. (2024b).
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Figure 4: The relationship between bias, diversity, and performance in MBR decoding when using
different metrics in decoding and performance evaluation. The notations are the same as Figure 2.

G.1 HYPOTHESES GENERATED BY DIFFERENT SAMPLING STRATEGIES

Figures 8 to 12 present the bias and diversity decomposition plots for different hypothesis generation
strategies. The results indicate that differences in the generated hypotheses influence performance
in some cases, whereas the overall tendencies of the sampling strategy used for generating pseudo-
references remain similar despite these variations.

G.2 MAMBR

Tables 4 to 6 show the MAMBR results for the first 1000 lines. From these results, we observe a
similar trend to those obtained when the dataset is fully used, as described in §5.4. Similarly, Figures
13 to 15 demonstrate that the results are nearly identical to those obtained when the dataset is fully
utilized.
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Figure 5: The relationship between bias, diversity, and performance in MAMBR decoding with
pseudo-references generated by ancestral sampling. The notations are the same as Figure 6.

H LIMITATION

Although our bias-diversity decomposition for MBR decoding can explain the behavior of pseudo-
references and utility functions, a theoretical explanation for the effectiveness of the used hypotheses
is a model-side behavior and thus beyond the scope of our analysis. Therefore, corresponding to this
limitation, we conduct a limited empirical analysis presented in Appendix G.1, similar to previous
works (Eikema & Aziz, 2020; Fernandes et al., 2022; Freitag et al., 2023a).
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Figure 6: The relationship between bias, diversity, and performance in MAMBR decoding with
pseudo-references generated by epsilon sampling. The lines indicate the score for each number of
used metric models. Other notations are the same as Figure 6.
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Figure 7: The relationship between bias, diversity, and performance in MAMBR decoding with
pseudo-references generated by beam decoding. The notations are the same as Figure 6.
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Figure 8: The relationship between bias, diversity, and performance on the first 1000 lines of each
dataset in MBR decoding with hypotheses generated by beam decoding. The notations are the same
as Figure 2.
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Figure 9: The relationship between bias, diversity, and performance on the first 1000 lines of each
dataset in MBR decoding with hypotheses generated by nucleus sampling. The notations are the
same as Figure 2.
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Figure 10: The relationship between bias, diversity, and performance on the first 1000 lines of each
dataset in MBR decoding with hypotheses generated by ancestral sampling. The notations are the
same as Figure 2.
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Figure 11: The relationship between bias, diversity, and performance on the first 1000 lines of each
dataset in MBR decoding with hypotheses generated by top-k sampling. The notations are the same
as Figure 2.
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Figure 12: The relationship between bias, diversity, and performance on the first 1000 lines of each
dataset in MBR decoding with hypotheses generated by epsilon sampling. The notations are the
same as Figure 2.
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Table 4: Results of MAMBR with samples generated by ancestral sampling. Notations are the same
as Table 1.

WMT19 En-De WMT19 En-Ru

Num. of Samples 4 8 16 32 64 4 8 16 32 64

Num. of Models

1 84.5 84.7 84.8 85.0 85.1 85.8 86.1 86.3 86.5 86.5

2 84.5 84.8 85.0 85.1 85.2 85.8 86.1 86.3 86.4 86.5
4 84.6 84.8 85.0 85.1 85.2 85.8 86.1 86.4 86.5 86.6
8 84.7 84.8 85.0 85.1 85.3 85.8 86.1 86.3 86.5 86.6

SAMSum XSum

Num. of Samples 4 8 16 32 64 4 8 16 32 64

Num. of Models

1 28.6 29.1 29.5 29.5 29.7 53.3 54.1 55.0 55.1 55.2

2 28.8 29.6 29.9 29.9 30.1 53.2 54.2 55.0 55.3 55.3
4 28.7 29.5 29.9 29.8 30.2 53.3 54.2 55.0 55.3 55.3
8 28.7 29.5 29.8 29.9 30.1 53.4 54.3 55.0 55.2 55.3

MSCOCO NoCaps

Num. of Samples 4 8 16 32 64 4 8 16 32 64

Num. of Models

1 54.8 55.8 56.1 56.4 56.6 43.2 45.3 46.9 48.2 49.0

2 54.8 55.8 56.2 56.4 56.6 43.4 45.7 47.2 48.7 49.1
4 54.8 55.9 56.4 56.5 56.8 43.8 45.8 47.5 48.8 49.5
8 54.9 55.9 56.3 56.6 56.8 43.9 45.9 47.4 49.0 49.5

Table 5: Results of MAMBR with samples generated by epsilon sampling. Notations are the same
as Table 1.

WMT19 En-De WMT19 En-Ru

Num. of Samples 4 8 16 32 64 4 8 16 32 64

Num. of Models

1 85.2 85.4 85.6 85.6 85.6 86.7 87.0 87.1 87.0 87.1

2 85.3 85.5 85.6 85.7 85.7 86.7 87.0 87.1 87.1 87.1
4 85.3 85.5 85.6 85.7 85.7 86.7 87.0 87.1 87.0 87.1
8 85.3 85.6 85.7 85.7 85.8 86.7 87.1 87.1 87.0 87.2

SAMSum XSum

Num. of Samples 4 8 16 32 64 4 8 16 32 64

Num. of Models

1 27.5 27.9 28.3 28.4 28.5 54.1 55.1 55.1 55.4 55.5

2 27.7 28.1 28.5 28.6 28.7 54.1 55.2 55.1 55.4 55.4
4 27.7 28.2 28.5 28.6 28.6 54.1 55.2 55.2 55.5 55.6
8 27.6 28.2 28.6 28.6 28.7 54.2 55.2 55.3 55.4 55.6

MSCOCO NoCaps

Num. of Samples 4 8 16 32 64 4 8 16 32 64

Num. of Models

1 55.0 55.8 56.0 56.4 56.6 45.0 46.9 48.6 49.5 49.8

2 55.0 55.7 56.1 56.4 56.6 45.0 47.1 48.9 49.5 50.1
4 55.0 55.9 56.2 56.6 56.7 45.2 47.2 48.9 49.8 50.2
8 55.1 55.8 56.2 56.5 56.8 45.2 47.2 49.0 49.8 50.3
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Table 6: Results of MAMBR with samples generated by beam decoding. Notations are the same as
Table 1.

WMT19 En-De WMT19 En-Ru

Num. of Samples 4 8 16 32 64 4 8 16 32 64

Num. of Models

1 85.1 85.3 85.4 85.4 85.3 86.7 86.9 86.9 86.9 86.9

2 85.1 85.4 85.5 85.4 85.4 86.7 86.8 86.9 86.9 87.0
4 85.2 85.4 85.5 85.4 85.4 86.7 86.8 86.9 86.9 86.9
8 85.2 85.5 85.5 85.5 85.5 86.6 86.9 86.9 86.9 86.9

SAMSum XSum

Num. of Samples 4 8 16 32 64 4 8 16 32 64

Num. of Models

1 27.6 28.7 29.2 29.3 29.7 52.8 52.8 53.1 53.2 53.3

2 27.8 28.9 29.2 29.4 29.7 52.7 52.9 53.0 53.2 53.4
4 27.8 28.9 29.2 29.4 29.7 52.8 52.8 53.0 53.2 53.3
8 27.8 28.9 29.2 29.4 29.7 52.7 52.9 53.1 53.2 53.3

MSCOCO NoCaps

Num. of Samples 4 8 16 32 64 4 8 16 32 64

Num. of Models

1 55.3 55.5 55.9 56.0 56.2 48.5 49.0 49.6 50.1 50.5

2 55.3 55.5 55.8 56.1 56.2 48.5 49.0 49.8 50.2 50.5
4 55.3 55.5 55.8 56.0 56.3 48.5 49.1 49.7 50.2 50.5
8 55.3 55.5 55.8 56.1 56.2 48.5 49.2 49.7 50.3 50.5
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Figure 13: The relationship between bias, diversity, and performance on the first 1000 lines of each
dataset in MBR decoding with pseudo-references generated by ancestral sampling. The notations
are the same as Figure 6.
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Figure 14: The relationship between bias, diversity, and performance on the first 1000 lines of each
dataset in MBR decoding with pseudo-references generated by epsilon sampling. The notations are
the same as Figure 6.
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Figure 15: The relationship between bias, diversity, and performance on the first 1000 lines of each
dataset in MBR decoding with pseudo-references generated by beam decoding. The notations are
the same as Figure 6.

36


	Introduction
	Minimum Bayes Risk (MBR) Decoding
	Theoretical Analysis based on Bias-Diversity Decomposition
	Evaluation Discrepancy
	Bias-diversity Decomposition
	Interpretation
	Correlation to Human Evaluation Results
	Diversity of Automatic Evaluation Results
	MBR Decoding as Ensemble Learning
	Bias and Diversity Trade-off


	Remaining Problems & Solutions
	Pseudo-Bias
	Metric-augmented MBR

	Empirical Analysis
	Overall Settings
	Correlation of Bias and Diversity to Performance
	Bias and Diversity Trade-off
	Effectiveness of Metric-augmented MBR

	Conclusion
	Reproducibility Statement
	Proof for Theorem 1
	Proof for Theorem 2
	Interpretation as Ensemble Learning
	Correlation of Bias and Diversity to Performance
	Bias and Diversity Trade-off
	Bias and Diversity of MAMBR
	Experimental Results on the First 1000 Examples
	Hypotheses generated by different sampling strategies
	MAMBR

	Limitation

