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I advocate for efficient, customizable, and communal approaches to natural language pro-

cessing (NLP) and artificial intelligence (AI), where people with diverse skill levels and research
backgrounds can: build, use, analyze, and evaluate models; collaborate to solve research prob-
lems; and accelerate advances in NLP and Al Al and NLP have made remarkable progress
from recent, large-scale training on massive datasets. These technologies are being developed
and used by many cross-disciplinary researchers and practitioners. People with scant computer
science training—including physicians, translators, and historians—now rely on Al models for
work problems that can be solved by using massive amounts of data. This thesis discusses my
key contributions to ways to make AI and NLP more accessible to researchers, practitioners,
and users. How can we encourage model builders and practitioners to work as a community to
broaden the appeal and utility of NLP and AI models across disciplines? How can we make it
easier for them to formulate and answer complex real-world questions using these technologies

and ensure these models are robustly evaluated?

I first introduce and empirically demonstrate efficient architectures and learning paradigms
for state-of-the-art NLP models. More efficient methods will lower the cost of developing and
using these models, making them deployable to less-well-funded fields or institutions. I then

present an algorithm for flexible and customizable language generation in the areas of collabora-



tive inference between diverse models. This inference method avoids the computationally (and
thus financially and environmentally) expensive training process of large models. Lastly, I pro-
pose methodologies and interfaces to make model evaluations more transparent, consistent, and
reliable. I present a collaborative platform that bridges the modeling and evaluation research

communities to enable robust evaluation of AI models.
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Chapter 1

Introduction

The growing computational (and thus financial and environmental) cost of large-scale AI/NLP
models makes it difficult for many researchers to develop or even just use them (Schwartz et al.,
2019). Only researchers working at a handful of extremely well-funded industry labs are able
to perform necessary operations on the current state-of-the-art models to make progress. Ef-
ficient methods are needed to promote the accessibility of our technology and to ensure that
people from diverse backgrounds can contribute to its progress from their various perspectives.
I strongly believe that the inclusiveness of the Al community will be key to its success. In Part I,
I introduce methods to improve the efficiency of widely-adopted Al models, using insights from
empirical practice and classical machine learning.

In addition to efficiency, customization is important to support diverse applications of Al
technologies. For example, while ChatGPT generates very fluent language, it has critical failure
cases in the legal domain.! Can we customize these large-scale generation models for various
applications without expensive model training? In Part II, I develop a language generation
algorithm that customizes a large-scale, general-purpose model with guidance from a lightweight
domain-expert model. This customization method thus avoids additional training of large-scale
models, making it feasible in less-well-funded fields or institutions.

Lastly, I discuss evaluation methodologies, a key component for the success of diverse NLP

applications. Evaluation lets us measure progress, understand model behaviors or failures, and

Thttps:/ /www.forbes.com/sites/mattnovak/2023/05/27 /lawyer-uses-chatgpt-in-federal-court-and-it-goes-
horribly-wrong/?sh=77ed5cf13494.
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guide research directions. Evaluating NLP systems presents a serious challenge, particularly for
language generation tasks such as machine translation and summarization. Language generation
is inherently open-ended, and generation quality cannot be measured using a simple metric like
classification accuracy. In Part III, I establish a transparent human evaluation protocol for image
captioning models and extend the effort further to develop a platform that facilitates progress in

natural language generation tasks and their evaluation.

1.1 Thesis Outline

First, I focus on machine translation, one of the most well-studied areas in NLP that has been a
driving force for new statistical machine learning approaches to language processing. Chapter 2
present a simple yet effective method for improving the efficiency of modern machine transla-
tion models: deep encoder, shallow decoder. I theoretically and empirically demonstrate that
this strategy can improve the speed-quality tradeoff over standard transformer-based models
and recent, fast translation methods: non-autoregressive machine translation that generates text
using parallelism available in modern hardware like graphics processing units (GPUs) and tensor
processing units (TPUs).

The transformer architecture (Vaswani et al., 2017) is a backbone of recent advances in NLP,
computer vision, speech, computational biology, and beyond (e.g., Brown et al., 2020; Parmar
et al., 2018; Jumper et al., 2021). Transformers outperform recurrent neural networks (RNNs)
at the expense of their increased computational cost: their time and memory complexity scales
quadratically with sequence length, in contrast to the linear complexity of RNNs. This computa-
tional requirement limits the usability of many strong transformers in the AI community. Chap-
ter 3 introduces transformer-to-RNN (T2R), a method that converts any off-the-shelf transformer
into an efficient RNN counterpart by performing a small amount of finetuning. Drawing inspi-
ration from the classical kernel methods in machine learning, T2R learns to approximate trans-
formers’ quadratic computation during lightweight finetuning, resulting in a recurrent model
with linear complexity. I empirically demonstrate that T2R generates long text with quality sim-
ilar to the original transformer while achieving substantial speedup and memory savings (e.g.,

10x speedup when producing 2048 consecutive words).
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In Chapter 4, I develop an inference algorithm for language generation that combines strengths
of diverse models (e.g., general-purpose and domain-expert models). Conventional ensembling
methods make strong assumptions about vocabulary, tokenization, and probability factoriza-
tion that often do not hold in practice. For example, these assumptions make it challenging
to combine models with different specializations (e.g., medical/legal domains). I introduce the
Twist algorithm, a simple yet effective method that relaxes these assumptions while avoiding
any additional training, which could be expensive. TwisT performs standard beam search alter-
nately between two or more diverse generators with mutual guidance. Our extensive evaluations
demonstrate that Twist decoding substantially outperforms each model used in isolation over
various scenarios, encouraging researchers to seek out models with complementary strengths to
the currently available models.

Chapter 5 proposes THuMB, a rubric-based human evaluation protocol for image captioning
models. The THuMB rubric is carefully developed based on machine- and human-generated
captions on a standard image captioning dataset. Each caption is evaluated along two main
dimensions in a tradeoff (precision and recall) as well as other aspects that measure the text
quality (fluency, conciseness, and inclusive language). The evaluations demonstrate several crit-
ical problems of the current evaluation practice. Human-generated captions show substantially
higher quality than machine-generated ones, especially in coverage of salient information, while
most automatic metrics say the opposite. Our rubric-based results reveal that a recent metric
that uses image features from a large-scale model better correlates with human judgments than
conventional text-only metrics because it is more sensitive to recall.

In Chapter 6, I argue that new advances on models and evaluation methods should each more
directly benefit and inform the other. I formulate a generalization of leaderboards, bidimensional
leaderboards (BILLBOARDS), that simultaneously tracks progress in language generation models
and metrics for their evaluation. A BILLBOARD facilitates two separate competitions, one for gen-
erators and another for evaluation metrics. Unlike conventional leaderboards that sort submitted
systems by predetermined metrics, in this setup, both generators and evaluation metrics are ac-
cepted as competing entries in their respective categories. I show that a linear ensemble of a few
diverse metrics sometimes substantially outperforms existing metrics in isolation. BILLBOARDS’

built-in analysis shows that most automatic metrics overrate machine over human generation,
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demonstrating the importance of updating metrics as generation models become strong.
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Chapter 2

Deep Encoder, Shallow Decoder:
Reevaluating Non-autoregressive

Machine Translation

This chapter focuses on efficient methods for machine translation, one of the most well-studied
areas in natural language processing (NLP). Specifically, we present a simple yet effective ap-
proach to efficient machine translation: deep encoder, shallow decoder. Many machine trans-
lation models are now built upon a transformer-based (Vaswani et al., 2017) encoder-decoder
model: the encoder transformer computes distributed representations for the source language
(e.g., Japanese), and the decoder transformer generates text in the target language (e.g., English).
Typically, researchers and practitioners assume that the encoder and the decoder have the same
number of transformer layers. We empirically demonstrate that this assumption is suboptimal in
the spectrum of the speed-quality tradeoff. We show that a simple strategy of a shallow decoder
paired with a deep encoder can improve the tradeoff even over recent efficient methods using

non-autoregressive generation.

The material in this chapter is adapted from Kasai et al. (2021a).
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2.1 Introduction

Fast, accurate machine translation is a fundamental goal with a wide range of applications both
in research and production. State-of-the-art neural machine translation systems generate trans-
lations autoregressively where words are predicted one-by-one conditioned on all previous words
(Kalchbrenner and Blunsom, 2013; Sutskever et al., 2014; Bahdanau et al., 2015; Wu et al., 2016;
Vaswani et al., 2017). This sequential property limits parallelization, since multiple tokens in each
sentence cannot be generated in parallel. A flurry of recent work developed ways to (partially)
parallelize the decoder with non-autoregressive machine translation (NAR; Gu et al., 2018), thereby
speeding up decoding during inference. NAR tends to suffer in translation quality because par-
allel decoding assumes conditional independence between the output tokens and prevents the
model from properly capturing the highly multimodal distribution of target translations (Gu

et al., 2018).

Recent work proposed methods to mitigate this multimodality issue, including iterative re-
finement (e.g., Lee et al., 2018; Ghazvininejad et al., 2019), and modeling with latent variables
(e.g., Ma et al., 2019b; Shu et al., 2020). These approaches modify the decoder transformer to
find a balance between decoding parallelism and translation quality. In this chapter, however,
we adopt a different speed-quality tradeoff. Recent work by Kim et al. (2019) in autoregressive
machine translation (AR) suggests that better speed-quality tradeoffs can be achieved by having
different depths in the encoder and the decoder. Here, we make a formal argument in favor
of deep encoder, shallow decoder configurations and empirically demonstrate better speed-quality

tradeoffs for the AR baselines.

We provide extensive speed-quality comparisons between iterative NAR models and AR
models with varying numbers of encoder and decoder layers. In particular, we use two types of
speed measures for translation and discuss their relation to computational complexity. The two
measures reflect two different application scenarios: feeding one sentence at a time, and feeding
as many words as possible into the GPU memory. The first scenario is designed to simulate,
for example, instantaneous machine translation that translates text (or even speech) input from
users. This is where current NAR models shine—we can make full use of parallelism across de-

coding positions in a GPU. For this reason, much prior work in NAR only measures speed using
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this metric (e.g., Gu et al., 2018, 2019b; Kasai et al., 2020; Li et al., 2020a). The second scenario
aims at a situation where we want to translate a large amount of text as quickly as possible. In
this case, we see that AR models run faster than NAR models by a large margin. Computation
at each time step is large enough to exploit parallelism in a GPU, which cancels out the bene-
fit from parallel NAR decoding. Further, AR models can cache all previous hidden states (Ott
et al., 2019) and compute each step in linear time complexity with respect to the sequence length.
In contrast, NAR models necessitate a fresh run of quadratic self and cross attention in every

decoding iteration.

Interestingly, using a deep encoder and a shallow decoder in NAR models fails to retain the
original translation accuracy by using 6 layers each (§2.4.1). This suggests that departure from
AR decoding necessitates more capacity in the decoder; the strategy is effective specifically for
AR models. In particular, our analysis demonstrates that an NAR decoder requires more layers

to learn target word ordering (§2.5). In summary, our contributions are the following:

¢ We challenge three conventional assumptions in NAR evaluation: suboptimal layer alloca-
tion, lack of distillation for AR baselines, and insufficiently general speed measures.

* We provide a complexity analysis and identify an optimal layer allocation strategy that
leads to better speed-quality tradeoffs, namely a deep-shallow configuration.

* We perform extensive analyses and head-to-head comparisons of AR and strong NAR mod-
els on seven standard translation directions. We demonstrate that the accuracy gap between
the two model families is much wider than previously thought and that NAR models are

unable to capture target word order well without sufficiently deep decoders.

2.2 Reevaluating Non-Autoregressive Machine Translation

We critically examine in this section the evaluation practices and assumptions that are widely
held in the non-autoregressive neural machine translation (NAR) literature (e.g., Gu et al., 2018;
Ghazvininejad et al., 2019; Kasai et al., 2020). In particular, we focus on three aspects: speed

measurement (§2.2.1), layer allocation (§2.2.2), and knowledge distillation (§2.2.3).
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2.21 Speed Measures

One major benefit of NAR models over AR ones is their ability to generate text in parallel.
Current research on measuring speed has focused solely on the setting of translating one sentence
at a time where full parallelization is trivial with a single GPU. However, we argue that this speed
measure is not realistic in some scenarios because the GPU memory is finite and the GPU unit
in such a setting is underused. To address this issue, we use two translation speed metrics to

measure inference speed:

¢ S; measures speed when translating one sentence at a time. This metric is used in standard
practice and aligns with applications like instantaneous machine translation that translates
text input from users immediately.

* Snax measures speed when translating in mini-batches as large as the hardware allows.
This corresponds to scenarios where one wants to translate a large amount of text given in
advance. For instance, such large-batch machine translation is implemented in the Google

cloud service.!

For all models, both metrics measure wall-clock time from when the weights are loaded until the
last sentence is translated. We report speedups relative to an AR baseline with a 6-layer encoder

and a 6-layer decoder following prior work (Gu et al., 2018; Li et al., 2020a; Kasai et al., 2020).

2.2.2 Layer Allocation

Current evaluation practice in the NAR literature uses an equal number of layers for the en-
coder and decoder both in AR baselines and NAR models. However, previous studies in AR
machine translation suggest that this allocation strategy leads to a suboptimal speed-quality
tradeoff (Barone et al., 2017; Kim et al., 2019). These findings have several implications for eval-
uating NAR methods. We first discuss the strategy of deep encoder, shallow decoder, and provide a
theoretical analysis of the speed-quality tradeoff in the context of NAR evaluation. Our analyses

are verified empirically in the next section (§2.3).

1h’c’cps: / /cloud.google.com/translate/docs/advanced /batch-translation.
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Deep Encoder, Shallow Decoder

In line with prior work on deep encoders or shallow decoders (Barone et al., 2017, Wang et al.,
2019a; Kim et al., 2019), we depart from the convention to allocate an equal number of layers on
both sides and explore pairing a deep encoder with a shallow decoder for both AR and NAR
methods. Here, we study the impact of such architectures and systematically compare AR and
NAR methods.? As we will show in §2.3, an AR model with a deep-shallow configuration retains
translation accuracy, but can substantially reduce decoding time. This is because at inference
time, the encoder accounts for a smaller part of the overhead since its computation can be easily
parallelized over source positions; on the other hand, the speedup gains from a lightweight

decoder are substantial.

By Layer Full Model
Enc. AR Dec. NAR Dec. AR E-D AR E-1 NAR E-D
Total Operations O(N?) O(N?) O(TN?) O(EN?+ DN?) O(EN?+1-N?) O(EN?+ DTN?)
Time Complex. O(N) O(N?) O(TN) O(EN+DN?) O(EN + N?) O(EN + DTN)

Table 2.1: Analysis of transformers. Time complex. indicates time complexity when full parallelization is
assumed. N: source/target length; E: encoder depth; D: decoder depth; T: # NAR iterations.

Complexity Analysis

This section analyzes the complexities of transformer-based encoders, autoregressive and non-
autoregressive decoders. We focus on two key properties: (1) the total amount of operations and
(2) time complexity when full parallelization is assumed (Harris, 2007).

Notation For simplicity let us assume the source and target text have the same length N. T
is the number of iterations in an iterative NAR method (typically T < N). Let E and D denote
the numbers of encoder and decoder layers.

Table 2.1 breaks down the comparison. AR and NAR models use the same encoder architec-
ture. There are several interesting distinctions between AR and NAR decoders. First, although
their total amounts of operations are both quadratic in sequence length, an NAR decoder with

T decoding iterations needs T times more computation. Second, an AR decoder has time com-

2Note that Kim et al. (2019) proposed other methods to optimize CPU decoding of AR models, but we do not
apply them, to ensure fair comparisons between AR and NAR models.
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plexity quadratic in sequence length. This contrasts with the linear time complexity of an NAR
decoder, which is the powerhouse of its S; speedup (§2.4.1). This is because the attention com-

putation can be readily parallelized across target positions in NAR decoders.
By such comparisons we make the following key observations:

(a) For both AR and NAR models, the time complexity is dominated by decoders. When
T < N, an NAR model has an advantage over its AR counterpart with the same layers.

(b) Innocuous as it may seem, the constant T contributes major computational cost in terms
of the total operations of NAR models. Empirically, T needs to be at least 4 to perform
competitively to AR models (Ghazvininejad et al., 2019; Kasai et al., 2020).

(a) suggests that one can significantly speed up S; decoding by using shallower decoders,
while increasing the encoder depth only results in a mild slowdown. As we will show later in
the experiments, AR decoders are much more robust to using fewer layers than NAR decoders.
For example, AR E-1 can decode much faster than AR E-D and comparably to NAR E-D, while
retaining the accuracy of AR E-D. From (b), one may expect a different trend in Syax from S;:
in large mini-batch decoding, an AR model can make use of the GPU’s compute units, since
now parallelization happens over the instances in a mini-batch. In other words, under the Spax
evaluation where the GPU is running close to its maximum flop/s, NAR can actually be slower
since it needs more operations due to its iterative decoding. This is confirmed by our experiments

(§2.4.1).

2.2.3 Knowledge Distillation

Most NAR models rely on sequence-level knowledge distillation (Hinton et al., 2015; Kim and
Rush, 2016) to achieve a reasonable speed-quality tradeoff, where NAR models are trained on
output translations from a (larger) AR model. Nevertheless, standard practice in this area as-
sumes that knowledge distillation is not required for the AR baseline. Here, we aim for fair
evaluation by applying distillation to both model families; we depart from previous practice
where NAR models trained with distillation are compared with AR models trained without (Ran
et al., 2019; Sun et al., 2019; Shu et al., 2020; Zhou et al., 2020a; Saharia et al., 2020) with a few

exceptions (Ghazvininejad et al., 2019; Kasai et al., 2020). Our analysis (§2.5) demonstrates that
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AR models also benefit from knowledge distillation and that the accuracy gap between AR and

NAR models is wider than previously established.

2.3 Experiments

We compare NAR and AR models with different layer allocation strategies on standard machine
translation datasets of varying languages and sizes. Our results show that deep-shallow AR

models provide a better speed-quality tradeoff than NAR models.

2.3.1 Baselines and Comparison

Prior work has proposed various approaches to non-autoregressive machine translation (NAR).
These methods must seek a balance between speed and quality: the more decoding paralleliza-
tion is introduced into a model, the more the output quality deteriorates due to a conditional
independence assumption. Some of the existing NAR models rescore the candidates with exter-
nal autoregressive models (Sun et al., 2019; Li et al., 2020a), or apply reordering modules (Ran
et al., 2019). We mainly compare with two iterative NAR models (Ghazvininejad et al., 2019;
Kasai et al., 2020) because of their strong performance without relying on any external system:
¢ CMLM (Ghazvininejad et al., 2019) predicts randomly masked target tokens given ob-
served ones as well as the source. At inference time, it first predicts all target words non-
autoregressively, and then iteratively masks and predicts the words that the model is least
confident about. Following previous practice (Ghazvininejad et al., 2019, 2020b), we decode
5 candidate lengths in parallel (length beam) with T = 4 or T = 10 iterations.
¢ DisCo (Kasai et al., 2020) predicts every target token given an arbitrary subset of the rest
of the target tokens. Following Kasai et al. (2020), we use their parallel easy-first inference,
and set the maximum number of iterations to 10 and the length beam size to 5.
Knowledge Distillation We apply sequence-level knowledge distillation (Hinton et al., 2015;
Kim and Rush, 2016) when training both NAR and AR models (§2.2.3). For the teacher models,
we use left-to-right AR transformer models: transformer-large for EN-DE, EN-ZH, and EN-FR,
and transformer-base for EN-RO (Ghazvininejad et al., 2019; Kasali et al., 2020).
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2.3.2 Experimental Setup

We experiment with 7 translation directions from four datasets of various training data sizes:
WMT14 EN-DE (4.5M pairs, Bojar et al., 2014), WMT16 EN-RO (610K, Bojar et al., 2016), WMT17
EN-ZH (20M, Bojar et al., 2017), and WMT14 EN-FR (36M, EN—FR only). These datasets are
all encoded into BPE subwords (Sennrich et al., 2016b). We follow the preprocessing and data
splits of previous work (EN-DE: Vaswani et al., 2017; EN-RO: Lee et al., 2018; EN-ZH: Hassan
et al., 2018; Wu et al., 2019; EN-FR: Gehring et al., 2017). Following previous practice, we use
SacreBLEU (Post, 2018) to evaluate EN—ZH performance, and BLEU (Papineni et al., 2002) for
others.® For all autoregressive models, we apply beam search with size 5 and length penalty
1.0. All models are implemented using fairseq (Ott et al., 2019). S; and Spax wall-clock time
speedups (§2.2) are evaluated on the same single Nvidia V100 GPU with 16GB memory. We
apply half-precision training and inference (Micikevicius et al., 2018; Ott et al., 2019). It speeds
up NAR models’ Spax by 30+%, but not Sy, in line with previous observations (Kim et al., 2019).

Hyperparameters We follow the hyperparameters of the base sized transformer (Vaswani
et al., 2017): 8 attention heads, 512 model dimensions, and 2,048 hidden dimensions for both the
encoder and decoder. For each model and dataset, the dropout rate is tuned from [0.1,0.2,0.3]
based on development BLEU performance. The EN—FR models are trained for 500K updates,
while others for 300K (Kasai et al., 2020). Development BLEU is measured after each epoch, and
we average the 5 best checkpoints to obtain the final model (Vaswani et al., 2017). See Appendix
§A.1.1 for further details.

2.4 Results and Discussion

We provide in-depth results comparing performance and speedup across AR and NAR models.

2.4.1 Deep Encoder, Shallow Decoder

Fig. 2.1 shows translation speed-quality tradeoff curves of CMLM, DisCo, and AR models on
WMT14 EN-DE and WMT16 EN-RO test data. For each model we plot the results of configu-

rations with varying encoder and decoder depths. For brevity, we denote by E-D a model with

3SacreBLEU hash: BLEU+case.mixed+lang.en-zh+numrefs.1+smooth.exp+test.wmt17+tok.zh+version.1.3.7.
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Figure 2.1: BLEU and speed comparisons with varying numbers of encoder and decoder layers on the test
data. 12-1 denotes 12 encoder layers and 1 decoder layer. AR deep-shallow (12-1) finds a balanced middle
ground in the tradeoff. Knowledge distillation is applied to all models (§2.3.1). See Table A.1 in Appendix
for more results.

an E-layer encoder and a D-layer decoder. All speedups are measured relative to the AR 6-6

baseline (§2.2).

Firstly, under the 6-6 configuration, the AR model outperforms both CMLM and DisCo by
a considerable margin in BLEU, but it achieves the slowest S; (see Fig. 2.1A-D). Using a single-
layer decoder, AR 6-1 gains a substantial S; speedup (2.6x for EN—DE and 2.9x for RO—EN),
but this comes at a cost of BLEU: 28.3 vs. 27.4 for EN—DE, and 34.6 vs. 34.3 for RO—EN. AR
12-1 lands on a balanced middle ground: it yields similar BLEU to AR 6-6, but its S; is more
than 2.5 times faster. Notably, AR 12-1 achieves even faster S; than that of the CMLM 6-6 model
with 10 iterations. In contrast, NAR 12-1 models generally suffer in BLEU compared to the 6-6
configuration; e.g., 26.8 (DisCo 12-1) vs. 27.4 (DisCo 6-6) in EN—DE.

Interestingly, all NAR models achieve slower Spax than the AR 6-6 baseline (DisCo 6-6: 0.3x;
CMLM 6-6 T=10: 0.1x in RO—EN). This is consistent with our complexity analysis in §2.2.2,

where we found that with the same layer allocation, iterative NAR models need more total
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computation than the AR counterpart. AR 12-1 still gains a considerable speedup over AR
6-6 (2.0x in RO—EN). These results suggest that current NAR models have little advantage
when translating a large amount of text given in advance, and one should clarify this distinction

when discussing translation speed. See Table A.1 in the appendix for full results from all four

directions.
Model WMT17 EN—ZH WMT17 ZH—EN WMT14 EN—FR
T E-D BLEU Sq1 Smax BLEU Sq Smax BLEU Sq1 Smax
CMLM 4 6-6 33.6 3.5x 0.2x 226 3.8x 0.2x 40.2 3.8x 0.2x
CMLM 10 6-6 342 15x 0.1x 238 1.7x 0.1x 40,6 1.7x 0.1x
DisCo 6-6 346 25x 02x 23.8 2.6x 0.2x 406 3.6x 0.2x
AR Deep-Shallow 12-1 347 2.7x 1.7x 242 29x 1.8X% 420 28x 1.9
AR 6-6 351 1.0x 1.0x 242 10x 1.0x 42.0 10x 1.0x
Dist. Teacher 6-6 35.0 - - 24.7 - - 42.0 - -

Table 2.2: Test BLEU and speed comparisons with varying numbers of encoder (E) and decoder (D) layers
on large bitext. Best performance (excluding the distillation teachers) is bolded.

Table 2.2 presents results from large bitext experiments, EN<+ZH and EN—FR. We observe
similar trends: AR deep-shallow achieves similar BLEU to AR 6-6 while boosting both S; and
Smax speed substantially. For EN<»ZH, AR deep-shallow has a more S; speedup than DisCo
(2.7x vs. 2.5x in EN—ZH, 2.9 vs. 2.6 in ZH—EN). Particularly noteworthy is its performance in
EN—FR: 42.0 BLEU, a 1.4 point improvement over the best NAR model. These results illustrate
that the strategy of having a deep encoder and shallow decoder remains effective in large bitext
settings, when the model has to learn potentially more complex distributions from more samples.

Lastly, Table 2.3 compares AR deep-shallow to recent iteration-based NAR results. All NAR
models use the 6-6 configuration with the base size except that Imputer (Saharia et al., 2020)
uses 12 self-attention layers over the concatenated source and target. Overall, our AR deep-
shallow models outperform most NAR models, with the only exception being EN—RO where it
underperforms Imputer by 0.6 BLEU points. However, each iteration takes strictly more time in
the Imputer model than in CMLM or DisCo, since it requires a fresh run of 12-layer self attention
over a concatenation of input and output sequences. As we saw in Fig. 2.1, AR deep-shallow
yields comparable S; to CMLM 6-6 with 4 iterations, which would be about twice as fast as

Imputer with 8 iterations.
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WMT14 EN—-DE WMT16 EN—RO WMT17 EN-ZH
Model —DE T —EN T —-RO T —=EN T —-7ZH T —EN T

CMLM 259 4 299 4 325 4 332 4 32.6 4 219 4
270 10 31.0 10 331 10 333 10 332 10 232 10
LevT 273 >7 - - - - 333 >7 - - - -
DisCo 273 48 313 42 332 33 332 31 346 54 238 59
SMART 27.0 4 309 4 - - - 334 4 226 4
276 10 313 10 341 10 238 10

34.3 34.1

Imputer  28.0 4 31.0 4 4 4 - - - -

28.2 8 313 8 34.4 8 341 8 - - - -
AR 6-6 28.3 N 31.8 N 34.6 N 346 N 35.1 N 242 N
AR 12-1 28.3 N 31.8 N 33.8 N 34.8 N 34.7 N 242 N
Teacher 28.6 N 317 N 34.6 N 346 N 35.0 N 247 N

Table 2.3: Test BLEU comparisons with iterative NAR methods. T indicates the average # iterations.
CMLM: Ghazvininejad et al. (2019); LevT: Gu et al. (2019b); DisCo: Kasai et al. (2020); SMART: Ghazvinine-
jad et al. (2020b); Imputer: Saharia et al. (2020). Best performance (excluding the distillation teachers) is
bolded.

2.4.2 Constrained Views

In this section, we present two controlled experiments to compare NAR and AR models thor-
oughly.

S1 Speed Constraint From §2.4, we see that compared to NAR models, AR deep-shallow
yields a better translation speed-quality balance—despite being slightly slower in S; on some of
the datasets, it achieves better BLEU across the board. To confirm this result, we further compare
an AR deep-shallow model against two NAR models, controlling for S; speed. More specifically,
we experiment with NAR models of varying encoder depths, and pair each with as many decoder
layers as possible until it reaches AR 12-1’s S; speed. Fig. 2.2 (left) shows the results. For CMLM
T=4, CMLM T=10, and DisCo, the best configurations of 12-layer encoders were paired up with
12, 4, and 9 decoder layers, respectively. All NAR models improve performance as the encoder
becomes deeper and surpass the scores of the 6-6 baselines (shown as squares along x = 6).
Nonetheless, there is still a large BLEU gap from AR 12-1. This illustrates that the two NAR

models are not able to match AR deep-shallow’s accuracy under the same S; speed budget.

Layer Constraint We can speed up autoregressive translation (AR) by developing a model

with a deep encoder and a one-layer decoder. Here we thoroughly compare layer allocation
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strategies. Shown in Fig. 2.2 (middle) are results of NAR and AR methods under the constraint
of 12 transformer layers in total. NAR models perform well when the decoder and encoder are
balanced with slight tendency to deep encoders. On the other hand, the AR models perform
consistently well with 4 or more encoder layers. This confirms that using deep encoders and
shallow decoders is more effective in AR models than in NAR ones. Note that the number of
parameters in each layer allocation differs since a decoder layer contains 30% more parameters

than an encoder layer, due to cross attention.

2.5 Further Analysis

# Decoder Layers

28.5} — ‘ . ‘ ‘ [
——CMLM T—= AR 12-1 oI ! ! :
8?&% %fllo B 28 1 5x| ~—CMLM 6-6 T—4 |1
2801 - DisCo , PN =y CMLM 6-6 T=10
= 12Tt £ 4~ |~ DisCo6-6 1
= g N ‘;%SX?\\ AR12-1
E 26 | , . -
—— CMLM T=4 £ 2
1 21 /7 CMLM T=10| \| 2
x —o-DisCo ~oIx
124y ) = AR
10 12 2 4 6 8 10 110 50 100 max

# Encoder Layers # Encoder Layers # Sentences per Batch

Figure 2.2: WMT14 EN—DE test results under various conditions. Left: varying depths of the encoder
under the S; speed constraint of AR 12-1 M. Middle: varying allocation of a total of 12 transformer layers
over the encoder and decoder. Right: varying inference batch sizes.

Speedup and Batch Size When decoding with large batches, NAR models can be slower than
their AR counterpart (§2.4). Here we further study this effect. Fig. 2.2 (right) plots the relative
speedups of different models” decoding with varying numbers of sentences per batch up to the
hardware limit (“max,” §2.2.1). The speedup by NAR models diminishes as the batch size grows:
they have similar decoding speed to AR 6-6 with batch size 50, and become slower with larger
batch sizes. In contrast, the speedup from AR deep-shallow decreases much more gradually.

Decoder Depth and Reordering Words From earlier results we see that NAR models need
deeper decoders than AR models to perform well. We hypothesize that one reason is that NAR
decoders need to learn to adjust to diverging word order between the source and the target: an
AR decoder takes as input all preceding tokens and explicitly learns a conditional distribution,

while an NAR decoder needs to learn target word ordering from scratch.
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Model E-D Orig. Reorder A Model E-D Raw Dist. A

CMLM, T = 10 6-6 274 317 43 CMLM,T=4 6-6 223 259 3.6
CMLM, T=10 12-1 263 310 47 CMLM,T=10 66 246 270 24
Imputer, T = 4 12 247 279 32

DisCo 6-6 274 310 3.6 Imputer, T=8 12 250 279 29
DiSCO 12-1 26.8 31.6 4.8 DiSCO 6-6 248 274 26
AR 6-6 283 326 43 AR Deep-Shallow 12-1 269 28.3 14
AR Deep—Shallow 12-1 28.3 326 4.3 AR 6-6 274 283 0.9

Table 2.4: Left: WMT14 EN—DE test results in BLEU using reordered English input. Right: WMT14
EN—DE test results in BLEU that analyze the effects of distillation in fast translation methods. All distil-
lation data are obtained from a transformer large. E: encoder depth; D: decoder depth; T: # iterations.
Imputer (Saharia et al., 2020) uses 12 self-attention layers over the concatenated source and target, instead
of the encoder-decoder architecture.

To test this hypothesis, we conduct the following controlled experiment in EN—DE transla-
tion. We choose German because of its divergence in word order from English. We first run the
fast_align tool (Dyer et al., 2013)* on all bitext data (including the test set), and disable the
NULL word feature to ensure that every English word is aligned to exactly one German word.
We then shuffle the English words according to the order of their aligned German words. When
multiple English words are aligned to the same German word, we keep the original English order.
Finally, we apply the same BPE operations as the original data, and train and evaluate various
models on the new reordered data. Table 2.4 (left) shows the results. AR gains the same im-
provement regardless of the layer configuration; in contrast, NAR 12-1 benefits more than NAR
6-6. This result supports our hypothesis that word reordering is one reason why NAR models
need a deeper decoder.

Effects of Distillation We applied sequence-level knowledge distillation (Kim and Rush,
2016) to all models. Here we analyze its effects over the WMT14 EN—DE test data (Table 2.4
right). An AR transformer large model is used as the teacher model. All models benefit from
distillation as indicated by positive A, including the AR models.” Many recent works only com-
pare NAR models trained with distillation to AR models trained without. Our finding shows

that that AR models with distillation can be an additional baseline for future NAR research. AR

4h’c’[ps: / /github.com/clab/fast_align.

5While the same distillation data are used in Ghazvininejad et al. (2019), they report a smaller improvement from
distillation in BLEU. There are several potential reasons: we tuned the dropout rate for each model on the validation
data and averaged the checkpoints that achieved the top 5 BLEU scores (§2.3.2). We note that our results are in line
with the previous observations (Kim et al., 2019; Zhou et al., 2020a; Kasai et al., 2020) where a similar improvement is
gained by distilling an AR transformer large model to a base one.
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deep-shallow deteriorates much less on the raw data compared to the iterative NAR methods,

suggesting that the strategy of speeding up AR models is better suited to modeling raw, complex

data than the NAR methods.

AR 66 + AR Deep-Shallow 12-1 |
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Figure 2.3: Test BLEU and target length comparisons for the AR 6-6 and deep-shallow 12-1 models.

Breakdown by Sentence Length Fig. 2.3 illustrates the relation between BLEU scores and
reference translation lengths. We observe almost identical patterns between AR 6-6 and deep-

shallow models, suggesting that they perform similarly regardless of the translation length.

Can we reduce the decoder further? We saw that an autoregressive model with a single-
layer decoder and a sufficiently deep encoder can retain the accuracy of the baseline with 6 layers
each. One may ask whether we can make the decoder even more compact. Our preliminary
experiments showed that we can remove the feed-forward module from the decoder without
hurting performance. This increases the S; speed by 10%. We leave further exploration to future

work.

Length Candidates and Syax for NAR Following the original works (Ghazvininejad et al.,
2019; Kasai et al., 2020), we fixed the number of length candidates (i.e., the length beam size) to 5
for all NAR models, but a smaller beam size can speed up Smax by allowing more sentences to be
fed in a batch. Indeed, we found that NAR models can improve their Spax by reducing the beam
size at the expense of some accuracy drop. For example, we observed a loss of 0.5 BLEU points
in EN—DE when decreasing the length beam size from 5 to 1. Nonetheless, NAR 6-6 models

with beam size 1 still resulted in 0.6-0.9x Smax compared to the AR 6-6 baseline.
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2.6 Related Work

In addition to the work we already discussed, we highlight related work on efficient methods for

generation.

2.6.1 Non-autoregressive Machine Translation

In addition to the work already discussed, several other works proposed to iteratively refine (or
insert) output predictions (Mansimov et al., 2019; Stern et al., 2019; Gu et al., 2019a; Chan et al.,
2019a,b; Li et al., 2020a; Guo et al., 2020). Other approaches include adding a light autoregressive
module to parallel decoding (Kaiser et al., 2018; Sun et al., 2019; Ran et al., 2019), partially
decoding autoregressively (Stern et al., 2018, 2019), rescoring output candidates autoregressively
(e.g., Gu et al.,, 2018), mimicking hidden states of an autoregressive teacher (Li et al., 2019),
training with different objectives than vanilla cross-entropy (Libovicky and Helcl, 2018; Wang
et al., 2019b; Shao et al., 2020; Tu et al., 2020; Saharia et al., 2020; Ghazvininejad et al., 2020a),
reordering input sentences (Ran et al., 2019), training on additional data from an autoregressive
model (Zhou and Keung, 2020), and modeling with latent variables (Ma et al., 2019b; Shu et al.,
2020). The approach of adding a light autoregressive module is closest to our method, but note

that we pack all non-autoregressive computation into the encoder.

2.6.2 Optimizing Autoregressive Transformer

Prior work has suggested various ways to optimize autoregressive transformers for fast inference.
For example, Kim et al. (2019) considered shallow decoders and layer tying (Dabre and Fujita,
2019; Dehghani et al., 2019) on the transformer decoder and found that it sped up inference
on CPUs, but not on a GPU, which was our focus. Kim et al. (2019) also explored concurrent
streams where multiple batches are fed at once to make better use of a GPU. Shi and Knight (2017)
proposed a vocabulary reduction method to speed up the last softmax computation. Senellart
et al. (2018) also adopted vocabulary reduction and explored “fat decoder, thin encoder" on
RNN-based models. Zhang et al. (2018a) used dynamic programming in an average attention
network to accelerate inference. Wu et al. (2019) developed a model with dynamic convolutions

and compared its speed and accuracy with non-autoregressive models. Other works proposed
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methods to reduce attention computation in autoregressive transformers (Kitaev et al., 2020;
Katharopoulos et al., 2020; Chelba et al., 2020; Peng et al., 2021). Some of these methods can
be used orthogonally to further facilitate fast inference in a transformer, but our goal is to fairly
reexamine the speed-quality tradeoff between autoregressive and non-autoregressive approaches

under the same conditions.

2.7 Summary

This chapter presented theoretical and empirical studies to demonstrate that autoregressive neu-
ral machine translation can be dramatically sped up by a simple layer allocation strategy: deep
encoder, shallow decoder. Compared to strong non-autoregressive models, deep-shallow autore-
gressive models achieve substantial improvement in translation quality with comparable infer-
ence speed. Our results suggest that layer allocation, knowledge distillation, and speed measure-
ment are important aspects that future work on non-autoregressive machine translation should
take into consideration. More generally, a model with a deep encoder and a shallow decoder can
be used for any sequence-to-sequence task, including large-scale pretraining (Lewis et al., 2020;

Liu et al., 2020).
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Chapter 3

Finetuning Pretrained Transformers into

RNNS

Most state-of-the-art systems in natural language processing (NLP) are now built upon pretrained
transformers, such as BERT (Devlin et al., 2019), RoBERTa (Liu et al., 2019), and GPT-2/3 (Radford
et al., 2019; Brown et al., 2020). These pretrained models benefit from their large-scale model and
data sizes and are computationally (and thus financially and environmentally) expensive to train
and even use. One of the fundamental challenges of using these models is that transformers’
time and memory complexity scales quadratically with sequence length. This contrasts with the
previous state-of-the-art architecture, recurrent neural networks (RNNs), that scales linearly with
sequence length. This chapter introduces T2R (Transformer-to-RNN), a method that converts
any pretrained transformer to an efficient recurrent neural network. This conversion can be
performed without losing the downstream performance or repeating the expensive pretraining

process.

3.1 Introduction

Transformer models (Vaswani et al., 2017) have advanced the state of the art beyond recurrent
neural network models (e.g., LSTMs, Hochreiter and Schmidhuber, 1997; GRUs, Cho et al., 2014)

across a wide range of natural language processing tasks. In particular, the transformer architec-

The material in this chapter is adapted from Kasai et al. (2021b).
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ture has been widely used in autoregressive modeling such as language modeling (Baevski and
Auli, 2019) and machine translation (Vaswani et al., 2017). The transformer makes crucial use of
interactions between feature vectors over the input sequence through the attention mechanism
(Bahdanau et al., 2015). However, this comes with significant computation and memory footprint
during generation (Kasai et al., 2021a). Since the output is incrementally predicted conditioned
on the prefix, generation steps cannot be parallelized over time steps and require quadratic time
complexity in sequence length. The memory consumption in every generation step also grows
linearly as the sequence becomes longer. This bottleneck for long sequence generation limits the
use of large-scale pretrained transformers, such as GPT-3 (Brown et al., 2020), Image Transformer
(Parmar et al., 2018), and DALL-E (Ramesh et al., 2021).

Recent work aims at reducing the overhead of autoregressive transformers (Child et al., 2019;
Kitaev et al., 2020; Beltagy et al., 2020, inter alia). Among them are recurrent alternatives that
approximate the standard softmax attention (Katharopoulos et al., 2020; Peng et al., 2021; Choro-
manski et al., 2021; Schlag et al., 2021). Similar to recurrent neural networks (RNNs), those
models represent the context by a recurrent state with a fixed size, thereby achieving linear time
and constant memory complexity in generation sequence length. When the recurrent state size
is smaller than the sequence length, these variants provide substantial speed and memory ad-
vantages over the transformer. A small state size, however, tends to deteriorate the generation
quality (Peng et al., 2021), leading to a tradeoff between efficiency and accuracy.

We improve the balance between efficiency and accuracy by a conversion approach: instead of
training a recurrent alternative from scratch, we develop a method to convert a pretrained trans-
former into an efficient RNN that speeds up generation and reduces memory footprints. Our
conversion proceeds with a swap-then-finetune process. Specifically, we change the exponential
similarity function in the attention mechanism to the dot product after a single-layer MLP fea-
ture mapping. We then finetune the MLP parameters and the other network parameters. Our
experiments in language modeling and machine translation show that the conversion can com-
press the context into a much smaller recurrent state than the sequence length (e.g., 1/16 of the
sequence length in WikiText-103 language modeling) while retaining high accuracy. In addition,
this conversion requires much less GPU time than training randomly initialized models from

scratch.
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State-of-the-art models in many natural language tasks are increasingly dependent on large-
scale pretrained transformer models (e.g., GPT-2, Radford et al., 2019; BERT, Devlin et al., 2019;
RoBERTa, Liu et al., 2019; T5, Raffel et al., 2020; BART, Lewis et al., 2020; DeBERTa, He et al,,
2021). Converting a large off-the-shelf transformer to a lightweight inference model without
repeating the whole training procedure is particularly useful in many downstream applications.
This chapter focuses on text generation and presents a viable approach towards efficient inference

with high accuracy.

3.2 Convert a Transformer into an RNN

The transformer architecture consists of multihead attention, feedforward, and layer normaliza-
tion modules (Vaswani et al., 2017). When a transformer is trained for a sequence generation task
with teacher forcing (Williams and Zipser, 1989), the attention can be parallelized over positions
because the target sequence is fully available. During generation, on the other hand, the output is
incrementally constructed. As a result, the attention becomes an inference bottleneck for long se-
quences. This chapter presents a method to eliminate this bottleneck by converting a pretrained
transformer into an efficient RNN of linear time and constant space complexity. We provide a

detailed complexity analysis in terms of the sequence length and model dimensions.

3.2.1 Multihead Attention

The attention module takes as input sequences of source and target vectors. The source vectors are
used to produce key and value features, while the target vectors are mapped to query vectors. More
formally, denote by {x?gt N, and {xjs-rc}jj‘i , the target and source vectors, where x?gt, x]S-rC € R"and
h is the model dimensionality. We assume r attention heads of d dimensions (h = dr). For each
head, the input vectors are first mapped to d dimensional query, key, and value features by learned

affine transformations with W, € R?" and b, € R¥:

qi = Wyx® + b, (3.1a)

k] = ka]src + by, Vi = va?rc + by. (3.1b)
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Pretrained Transformer
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Figure 3.1: Attention computation steps and their time complexity in pretrained transformer and T2R
models during inference generation. Features ¢(q;) and ¢(k;) are directly computed from input vectors,
and q; and k; are never constructed. M: source length; N: target length; h: model dimensions; k: feature
size; r: # heads.

The similarities of each query vector q; with all M key vectors are computed and normalized to
produce attention coefficients, which are then used to output a weighted average of the value

vectors (Vaswani et al., 2017):

M sim(q; k)
j=1 Yo%y sim (qi k)

out _

X;

(3.2a)

V]',

sim(x,y) = exp (x y/ \/;l> . (3.2b)

Multihead attention runs this procedure for each of the r heads in parallel and concatenates r

output vectors to get the final i dimensional vector.!

Generation Speed Overhead Fig. 3.1 depicts the transformer computation steps from input
vectors and their time complexity. We assume that the time complexity of multiplying an n x m
matrix by an m x k is O(nmk) as implemented in cuBLAS (NVIDIA, 2014).2 It consists of the

following two stages.

o Feature Mapping: computation of {q;}Y;, {k; ]I\i 1, and {vj}j]\i , for all  heads from input
vectors (Egs. 3.1a-3.1b). Time complexity of O(Nh?), O(Mh?), and O(MHh?).

e Attention: weighted average over the value vectors (Eq. 3.2a). O(MNH#h), quadratic in

Layer normalization (Ba et al., 2016), residual connection (He et al., 2016), and projection are suppressed for
brevity.
2If the batch size is small enough, parallelization can speed up matrix multiplication.
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sequence length (M, N).

Generation Memory Overhead In autoregressive generation, query, key, and value vectors
consume space complexity of O(h), O(Mh), and O(Mh) in every generation step. Every step’s
attention weight (Eq. 3.2a) spans over M source positions, taking O(Mr) space, linear in sequence

length M.

3.2.2 Converting Transformers to RNNs

To address this generation bottleneck of quadratic time and linear space, this chapter proposes
Transformer-to-RNN (T2R), a method to convert a pretrained transformer to an RNN inference
model of linear time and constant memory complexity in sequence length (Fig. 3.1). T2R fol-
lows a swap-then-finetune procedure that modifies the attention computation of a pretrained

transformer, and finetunes the model with the task objective.

We first replace the dot-then-exponential similarity function in a pretrained transformer

(Eq. 3.2b) by

sim (x,y) = ¢ (x) - b (y), (3.3a)

¢ (x) = ReLU (W¢X + b¢) . (3.3b)

Here Wy € R**? and b, € RF are learned parameters of a single-layer MLP. They map a d
dimensional vector to a k dimensional kernel feature space. The ReLU activation (Fukushima,
1980) ensures that the features are non-negative.> Different MLP parameters are used for different
attention heads, and thus we add a total of rk(d + 1) learnable parameters per layer (less than
0.2% parameter increase in our language model, §3.3). We then finetune all parameters in this

modified network, including the MLP parameters, with the original task objective.*

3We found that ReLU stabilized training by prohibiting negative similarities ¢(q) - ¢ (k). Other activation func-
tions, such as cos, tanh, and elu, did not improve performance.
4We tried training the MLP parameters only, but this setting resulted in degraded development performance.
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During inference generation, we reformulate the attention computation (Eq. 3.2a) as

zout )A:/I: sim qz,k) v,
]:12 151m(q1/k£)

<¢< )T & (k; )®vj>T

(3.4)

¢ (qi) - Tty o (ko)

by the associativity of matrix multiplication. This formulation lends itself to recurrent compu-
tation. In causal attention where each query only attends to its prefix to predict the next word

(M = i), define states:
i
Si=) o (k)ov, z=) ¢(k) (3.5)
where S;,z; € RF“ RF. These states can be computed recurrently (Katharopoulos et al., 2020):
Si=Sia+o(k)vi zi=2z1+¢ (k) (3.6)

In the self-attention or encoder-to-decoder (cross) attention of a sequence-to-sequence model, S;
and z; are constant with respect to i and only need to be computed once. Given the two states at

position i, we can obtain the output vector:

Tg\ '

ot — (‘b (@) _ ) (3.7)
¢ (qi) zi

This avoids quadratic computation with respect to the input sequence length. We also speed up

inference by merging the MLP feature map with the affine feature maps that produce queries

and keys.

¢ (;) = ReLU (Wyx® + By ), (3.89)

¢ (k;) = ReLU (kaj.“ + Sk) ) (3.8b)
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where Wq = WyW,, W, = WyWy, (3.8¢c)

by = by + Wyb,, by = by + Wyby. (3.8d)

After the model is trained, Eqgs. 3.8c-3.8d are computed once before generation; the intermediate

features of q; and k; are never computed during inference.

Generation Speed Overhead The time complexity of each step in a T2R model is shown in Fig.
3.1. Similar to the transformer, it proceeds over two stages.
e Feature Mapping: computation of {¢(q;)} Y, {qb(kj)}j]\i 1, and {vj}jlﬁ , for all r heads (Egs.
3.8a-3.8b). Time complexity of O(Nhkr), O(Mhkr), and O(MHh?).
¢ Attention: the RNN states and the outputs for r heads (Eqs. 3.5-3.7) are computed with
O(Mhk) and O(Nhk).
Comparing this with the pretrained transformer, we see that if the feature size is much smaller

than input sequence lengths (k < M, N), the change in the attention stage from O(MNHh) to
O(hk(M + N)) in T2R brings a substantial speedup.

Generation Memory Overhead T2R only needs to store the RNN state, and thus its space
complexity is O(hk), constant in sequence length. This implies reduction in memory footprint

when k < M, compared to the transformer’s O(Mh).

3.2.3 Autoregressive Linear Transformers

In principle, any kernel function can be used as the similarity function in Eq. 3.2a (Tsai et al.,
2019). Previous work proposed several untrainable feature map functions ¢ and developed au-
toregressive transformer variants with linear time and constant space complexity in sequence
length (Katharopoulos et al., 2020; Peng et al., 2021; Choromanski et al., 2021). While those mod-
els follow similar computation steps to T2R, there are several differences in generation efficiency.
Since the feature map in Katharopoulos et al. (2020) preserves input dimensions, the feature size
is always the same as the head dimensions (k = d). This means that the speedup and memory
savings from using a small feature size are restricted by design. In our experiments (§3.3.3), our

T2R models gain further efficiency by using a feature size that is even smaller than the head
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dimensions (k = 32 and d = 128 for language modeling). Peng et al. (2021) and Choromanski
et al. (2021) scale query and key vectors by their norms before the random approximation to
bound the error. Consequently, the feature mapping stage needs additional steps of producing
intermediate q and k and scaling them. T2R suppresses these steps and speeds up generation

further (§3.3.3).

3.3 Experiments

We present extensive experiments on standard benchmarks for language modeling and machine
translation. Our results show that T2R achieves efficient autoregressive generation while retain-

ing high accuracy.

3.3.1 Baselines and Comparison

We compare performance with previous transformer models for autoregressive generation with
linear time and constant space complexity in input sequence length.> As discussed in §3.2.3, those
prior methods correspond to two different untrainable feature maps ¢. We experiment with two
types of feature maps for comparisons: ELU (¢ (x) = elu (x) + 1, Katharopoulos et al., 2020);
RFA (random feature approximation with softmax temperature reparameterization, Peng et al.,
2021). Each feature map is evaluated in two settings: random initialization and pretrain. Random
initialization is our reimplementation of the experiments in Katharopoulos et al. (2020) and Peng
et al. (2021). The pretrain setting follows the same protocol as T2R except that we use different
feature maps ¢ than our proposed one-layer MLP with ReLU activation. Positive orthogonal
random features (Performer, Choromanski et al., 2021) provide similar random approximation
to RFA and were evaluated in the biology domain, but we found that this method caused training

divergence in the language modeling task.®

5See §3.5 for our discussion on more transformer variants with linear time complexity, but most of those variants
need modifications for autoregressive modeling and have yet to be empirically evaluated in autoregressive generation
tasks.

®Qur implementation closely follows the code released by the authors (https:/ /github.com/lucidrains /performer-
pytorch/blob/main/performer_pytorch/performer_pytorch.py#L75-L81), but does not subtract the maximum logit;
otherwise it would disallow the linear complexity in causal attention. We conjecture that this is the reason why Per-
former becomes less stable in our experiments. We suspect that some techniques are necessary to improve numerical
stability in language modeling and machine translation.
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3.3.2 Setup and Implementations

We apply our method to causal attention in language models and both cross and causal attention
in machine translation. For language modeling, we use a 32-dimensional feature map function.
We do not modify the encoder in machine translation as its generation speed overhead is much
less significant than the decoder (Kasai et al., 2021a). Our exploration showed that reducing
the feature size of causal attention tends to have less impact on the final translation accuracy
as opposed to cross attention; we use feature sizes of 32 and 4 for cross and causal attention,
respectively. This observation is consistent with previous work that showed that causal attention
can be more drastically simplified than cross attention in transformer machine translation models

(You et al., 2020; Tay et al., 2021).

Language Modeling

We use the WikiText-103 benchmark, which consists of 103M tokens sampled from English
Wikipedia (Merity et al., 2017). We choose similar hyperparameters to prior work (Baevski and
Auli, 2019; Fan et al., 2020): 32 layers, 8 heads, 128 head dimensions, 1024 model dimensions,
4096 fully connected dimensions and dropout (Srivastava et al., 2014) and layer dropout rates of
0.2. We partition the training data into non-overlapping blocks of 512 contiguous tokens ignoring
document boundaries and train the model to predict each token from left to right (Baevski and
Auli, 2019). Validation and test perplexity are measured by predicting the last 256 words out
of the input of 512 consecutive words to avoid evaluating tokens in the beginning with limited
context (early token curse, Press et al., 2021). We generally follow the optimization method from
Baevski and Auli (2019), but some hyperparameters, such as the learning rate for the T2R fine-
tuning, are adjusted for better convergence than randomly initialized training. See Appendix B.1

for more details.

Machine Translation

We experiment with 3 translation benchmarks: WMT14 EN-DE (4.5M train pairs, Bojar et al.,
2016), WMT14 EN-FR (36M, Bojar et al., 2014), and WMT17 ZH-EN (20M, Bojar et al., 2017). We

follow the preprocessing and data splits by previous work (EN-DE: Vaswani et al., 2017; EN-
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FR: Gehring et al., 2017; EN-ZH: Hassan et al., 2018). We use the hyperparameters of the large
sized transformer (Vaswani et al., 2017): 6 layers, 16 attention heads, 1024 model dimensions,
and 4096 hidden dimensions for both the encoder and decoder. We apply dropout with 0.3
and label smoothing with e = 0.1. Following Ott et al. (2018), we use an increased batch size of
approximately 460K tokens. Each randomly initialized model is trained for 30K (60K for the large
EN-FR dataset) steps using Adam with a learning rate of 5-10~* and 8 = (0.9,0.98) (Kingma
and Ba, 2015). We observed that convergence of the T2R conversion can be achieved with 20K
(40K for EN-FR) steps and a reduced learning rate of 2 - 10~%. We average the checkpoints from
the last five epochs to obtain the final model (Vaswani et al., 2017). In inference, we apply beam
search with size 5 and length penalty 0.6. Consistent with previous practice, we evaluate with

tokenized BLEU (Papineni et al., 2002). Further details are described in Appendix B.1.

3.3.3 Results

Perplexity Training Time

Model k  dev. test (GPU Hours)
ELU + Random Init. 128 220 228 470h
RFA + Random Init. 32 204 213 512h

T2R + Random Init. 32 20.1 208 474h
ELU + Pretrain 128 215 222 97h
RFA + Pretrain 32 208 216 104h

T2R + Pretrain 32 19.0 19.6 98h

T2R 75% + Pretrain . 32 179 185 95h
Pretrained Transformer - 179 185 -
Baevski and Auli (2019) - - 187 -

Table 3.1: WikiText-103 language modeling results (perplexity). Training time is measured in GPU hours.
The top two rows are our reimplementations of Katharopoulos et al. (2020) and Peng et al. (2021). Pretrain
indicates initialization with a pretrained transformer for language modeling. T2R 75% indicates a model
where every fourth layer from the top is kept as the original transformer layer. Perplexity is measured
by predicting the last 256 words out of the input of 512 consecutive words. All models use 128 head
dimensions. We assume access to a pretrained transformer model and measure the finetuning time in
GPU hours.

Language Modeling Seen in Table 3.1 are language modeling results in perplexity. We observe
that T2R with the learnable MLP feature map outperforms the other two linear transformer mod-

els by more than 2.0 perplexity points in the pretrain setting. Unlike the other linear transformer
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models, T2R greatly benefits from pretraining (T2R + Pretrain: 19.6 vs. T2R + Random Init.: 20.8
test perplexity points). We attribute this advantage of T2R to the fact that the MLP feature map
is able to learn attention patterns that are similar to those of the pretrained transformer, as evi-
denced in §3.4. Notice also that the T2R conversion is ~5x faster (measured in GPU hours) than
training a model from scratch. These results illustrate that a lightweight model can be obtained
without repeating the expensive training of large-scale pretrained language models such as GPT-
2 and GPT-3 (Radford et al., 2019; Brown et al., 2020). T2R’s generation speedup (~4x when
producing 512 consecutive words) and memory savings are later benchmarked with varying se-
quence lengths. There remains a gap of 1.1 perplexity points between the T2R and pretrained
transformer models (19.6 vs. 18.5). However, the gap can be closed when every fourth layer from
the top is kept as the original transformer layer and the model is finetuned in the same way (T2R
75%). This suggests that keeping a small fraction of the quadratic attention layers can provide an

effective middle ground between efficiency and accuracy.”

Feature Size k WMT14 WMT17 Train Time

Model cross causal EN-DE EN-FR ZH-EN (GPU hours)
ELU + Random Init. 64 64 28.4 * 23.4 120h
RFA + Random Init. 32 4 28.1 41.7 23.4 135h
T2R + Random Init. 32 4 27.5 39.8 23.1 123h
ELU + Pretrain | 64 64 284 418 = 238 ¢ 80h
RFA + Pretrain 32 4 27.6 41.8 23.2 90h
T2R + Pretrain 32 4 28.7 42.1 23.8 82h
Pretrained Transformer Large - - 28.9 42.2 24.2 -
Vaswani et al. (2017) - - 28.4 41.8 - -

Table 3.2: Machine translation test results in BLEU scores. The top two rows are our reimplementa-
tions of Katharopoulos et al. (2020) and Peng et al. (2021). Pretrain indicates initialization with a trained
transformer-large model. *: diverged even when running with multiple random seeds and smaller learn-
ing rates. We assume access to a pretrained transformer model and measure the finetuning time in GPU
hours.

Machine Translation Seen in Table 3.2 are machine translation results in BLEU from various
configurations. Departing from the language modeling experiments, the T2R model underper-
forms the other two linear transformer models when initialized randomly. However, consistent

with language modeling, the T2R model substantially benefits from pretraining (e.g., 28.7 vs. 27.5

7Concurrent work (Lei, 2021) also explores reducing the number of attention layers for efficiency.
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BLEU points in EN-DE). As a result, the T2R model achieves similar BLEU scores to the origi-
nal transformer across all language pairs. ELU trained from the pretrained transformer yields
comparable performance to T2R, but the feature size is much larger (64 vs. 32 and 64 vs. 4 in
cross and causal attention), thus leading to increased overhead, as shown later. Note that the T2R
finetuning time is only moderately smaller than that of randomly initialized training here, but
further speedup in conversion can be potentially achieved with more extensive hyperparameter

tuning.®

Decoding Speed (Tokens/s)

4K n
3K - n
Transformer
2K || —«— ELU 64-64 *
—&— RFA 32-4
1K ||~ T2R 32-4 .

| | |
8 16 32 64 128 256 512 1024 2048
Sentence Length

Figure 3.2: Machine translation speed of various models. Speed is measured on a single TPU v2 accelerator
with batch size 16 and beam size 1, following Peng et al. (2021). 32-4 indicates the feature sizes of 32 and
4 for cross and causal attention, respectively.

Speedup and Memory Savings in Generation We run a conditional generation experiment to
compare the decoding speed of the models in Table 3.2 (Fig. 3.2). Here we assume the input
and output sequences are of the same length. All models are tested using greedy decoding with
the same batch size of 16 on a TPU v2 accelerator.” We see that indeed the linear transformer
models can generate an almost constant number of tokens per second regardless of the sequence
length and outpace the transformer model dramatically as the sequence becomes longer. The T2R
model achieves a 15%+ speedup over ELU and RFA due to its smaller feature sizes and faster

feature mapping respectively; this confirms our analysis on T2R’s speed advantage over them

8We found that the batch size could be reduced for T2R conversion without hurting accuracy, while randomly
initialized models deteriorate with small batch sizes. This suggests that the computational cost for conversion can be
much lighter than training from scratch, and T2R is advantageous when only a limited number of GPUs are available.
“https:/ / opensource.google /projects /jax.
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Figure 3.3: Memory consumption from the attention computation of various machine translation models
in inference with batch size 16 and beam size 1.

(83.2.3). Fig. 3.3 plots memory consumption from the attention computation during decoding for
machine translation. Since the T2R, RFA, and ELU models compress keys and values into a k x d
matrix S and a k dimensional vector z (§3.2.2), the required memory at each decoding step is
constant over varying sequence lengths. It is also roughly proportional to the feature size k. The
MLP feature map in the T2R model allows for small feature dimensions than the ELU feature of
the head dimensions, resulting in a 70% memory reduction. The attention computation in the
standard transformer, on the other hand, consumes memory linearly in sequence length at each
decoding step because all previous key and value vectors have to be stored. We also found a
similar speedup and memory savings in unconditional generation with the T2R language model

(~4x speedup in generating 512 consecutive words over the transformer).

3.4 Analysis and Ablations

We presented T2R, a method to convert a pretrained transformer into an efficient RNN. In this
section, we analyze our conversion approach by examining the impact of the feature size and
induced attention weight distributions. Our analysis shows that T2R implicitly learns attention

distributions similar to the original transformer.
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Figure 3.4: WikiText-103 validation perplexity with varying feature sizes.

Feature Size and Pretraining We saw that T2R benefits substantially from transformer pretrain-
ing. Fig. 3.4 compares T2R with pretraining and random initialization in terms of the relation
between the validation perplexity from WikiText-103 and the feature sizes. We see that as the
feature size (RNN state size) becomes smaller, pretraining becomes particularly important to
achieve low perplexity. Transformer pretraining achieves a Pareto improvement over random

initialization in the tradeoff between efficiency (small feature size) and accuracy (low perplexity).

Attention Distribution T2R is not explicitly trained to mimic the original attention distribu-
tions, and there is no guarantee that the MLP feature map approximates the exponential simi-
larity function, unlike previous approximation approaches (Peng et al., 2021; Choromanski et al.,
2021). Here, we analyze the properties of the attention weight distributions that are induced
by finetuning. We use the validation data from WikiText-103 and run language models to pre-
dict the next word given the input of 512 contiguous words. We compute the attention weight
distribution over the 512 words for each attention head in the model layers.

Fig. 3.5 compares the attention distributions from T2R in various configurations. T2R MLP
frozen indicates a model that is finetuned with the MLP parameters frozen. Euclidean distances
in attention distributions between the original transformer and each model are averaged across

validation samples, model layers, and attention heads.!® Comparing T2R before finetuning and

1%We do not consider random initialization baselines here because random initialization makes it impossible to
align attention heads and layers between models.
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Figure 3.5: Average Euclidean distance of T2R models from the transformer attention weights with varying
feature sizes. The distances are computed on the Wikitext-103 validation data for predicting a word given
the preceding 512 words. All models are initialized with a pretrained transformer model.

the full T2R model, we see that the finetuning process induces much more similar attention
distributions, and the distance diminishes as the feature size increases (and the perplexity ap-
proaches the original transformer, Fig. 3.4). We also observed that when the MLP parameters are
not trained (T2R MLP frozen), the distance from the original attention distributions increases.
These results suggest that finetuning of the whole network in T2R implicitly develops similar
attention distributions to the original transformer even though the training supervision comes

solely from language modeling.

3.5 Related Work

In addition to the work we already discussed, we highlight related methods from prior work that

make transformer models efficient.

3.5.1 Knowledge Distillation

Knowledge distillation (Hinton et al., 2015) is closely related to our T2R conversion and uses
a similar pipeline: a teacher model with large capacity is first trained and is used to generate
silver training data for a new lightweight inference model. It has been successfully applied to
machine translation (e.g., Kim and Rush, 2016; Gu et al., 2018) to make generation efficient. In

particular, several prior works distill a transformer translation model to an RNN (Senellart et al.,
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2018; Kim et al., 2019). We share the same motivation toward fast generation with light memory,
but our approach differs in two ways: the original training data are used for finetuning an RNN
model, and its model parameters are initialized with the “teacher” transformer. Our method
does not use the computationally expensive teacher model to generate new training data. While
data generation is a one-time computational cost, it becomes expensive as the teacher model
size and training data increase. Moreover, since the pretrained parameters can be directly used,
conversion requires fewer GPU hours than training a brand new lightweight model from scratch

(§3.3.3).

3.5.2 Efficient Transformers

Prior work suggested many other strategies to improve efficiency in transformers, such as weight
sharing and factorization (Dehghani et al., 2019; Lan et al., 2020), weight and layer pruning
(Michel et al., 2019; Fan et al., 2020), quantization (Zafrir et al., 2019; Shen et al., 2020), and
modifying the combination of sublayers (Press et al., 2020; Mandava et al., 2020). Some of these
methods present orthogonal design choices and can be integrated into our T2R model to gain
further efficiency. For a more comprehensive survey, see Tay et al. (2020b). Below we describe
several prior works along two major strategies: compressing the attention context and sparsifying

the attention patterns.

Attention Context Compression This strand of methods compresses the context that is at-
tended to, thereby reducing the time and memory overhead in the attention. RNN models that
we converted pretrained transformers into compress the context into a recurrent state. Other
approaches include low rank approximation of the attention computation (Wang et al., 2020a;
Tay et al., 2021) and adding a memory module that can access multiple tokens at once (Liu et al.,
2018; Dai et al., 2019; Lee et al., 2019; Ainslie et al., 2020; Rae et al., 2020; Beltagy et al., 2020;
Zaheer et al., 2020).

Sparse Attention Patterns Another approach to reducing the time and memory overhead from
the attention computation is to limit the tokens that are attended to by sparsifying the attention

patterns. These patterns can be set in advance or learned during training (Tay et al., 2020b).
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For example, prior works introduced fixed patterns of blockwise attention (Qiu et al., 2020) and
strided attention (Child et al., 2019; Beltagy et al., 2020; Zaheer et al., 2020). Other previous works
presented methods to learn attention patterns from data (Sukhbaatar et al., 2019; Roy et al., 2020;
Tay et al., 2020a).

It should be noted that significant modifications are necessary to apply many of these meth-
ods to autoregressive generation tasks such as language modeling and machine translation, and
their empirical evaluation in these generation settings has yet to be conducted (Peng et al., 2021).

This chapter presents extensive empirical evaluation in autoregressive generation settings.

3.6 Summary

In this chapter, we presented T2R, a method that converts a pretrained transformer to a recurrent
neural network that reduces the time and memory cost of autoregressive generation. Our experi-
ments in language modeling and machine translation demonstrated that our model produces an
improved tradeoff between efficiency and accuracy over randomly initialized training and pre-
vious models with lightweight attention. Our results provide further support for the claim that
large-scale pretrained models can be compressed into efficient inference models that facilitate

downstream applications.

65






Part 11

Customizable Inference Algorithms for

Natural Language Generation

67






Chapter 4

Twist Decoding: Diverse Generators

Guide Each Other

Modern artificial intelligence (AI) and natural language processing (NLP) models undergo two
stages: training, where model parameters are learned based on large datasets, and inference,
where the model is used to generate desired outputs. Inference is thus a core algorithmic com-
ponent of NLP systems that has been actively studied in NLP research. Generation of language
handles complex structure and exponentially many possibilities; for a given output length N and
vocabulary size V, there are VN possibilities, making it impossible to enumerate and find the
best one. Several inference algorithms (e.g., greedy/beam search) have proven effective on a va-
riety of language generation tasks and continue to be used in recent large-scale models, such as
GPT-3 (Brown et al., 2020) and Google Translate (Wu et al., 2016). Overcoming the limitations of
commonly used algorithms, I develop Twist decoding, a simple yet effective inference algorithm

that enables customization with additional training.

4.1 Introduction

Natural language generation is an important building block for many applications, such as ma-
chine translation, summarization, and question answering (Ng et al., 2019; Lewis et al., 2020;

Raffel et al., 2020; Brown et al., 2020; Asai et al., 2021b, inter alia). Researchers have recently

The material in this chapter is adapted from Kasai et al. (2022b).
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Figure 4.1: TwisT decoding of two generation models, f and g, that does not assume a shared vocabulary,
tokenization, or generation order. Beam search is first applied to f to generate y(*), followed by output
mapping to () (e.g., f’s detokenization and g’s tokenization or sequence reversal). g is then decoded
with beam search augmented with distances from the set of previously-generated outputs (here only one

(1) <(0)

sequence y is shown): d(z.,,y., ). Subsequently, f is similarly decoded with g’s guidance. Here we show
one iteration that already achieves substantial improvements (§4.4). @ indicates the BPE separator.

explored and advanced models for generation in various aspects, including model architecture
(Bahdanau et al., 2015; Vaswani et al., 2017), domain adaptation (Chu and Wang, 2018; Bapna
and Firat, 2019), prompting (Brown et al., 2020), and even generation order (Gu et al., 2018). The
resulting generation models are diverse, trained on different data, with different assumptions,
at different times. We hypothesize that diverse generation models may achieve better results
through ensembling, if the various approaches have complementary strengths. Given the high
cost of unifying approaches during training time (Strubell et al., 2019; Schwartz et al., 2019),

inference-time combination of existing models is an attractive alternative.

One well-established ensembling technique is “shallow fusion” (Sutskever et al., 2014; Gul-
cehre et al., 2015; Firat et al.,, 2016, inter alia), which aggregates models” scores during beam

search. This approach requires, however, that the models use the same vocabulary/tokenization
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scheme and organize the search in the same way (e.g., autoregressive, left-to-right factorization).

We introduce a new inference algorithm, Twist decoding (Fig. 4.1), that enables more diverse
generators to guide each other. Twist decoding can combine generators with different vocabu-
laries, (de)tokenization, and even generation order without any additional training or finetuning.
Our method decodes a model by standard beam search, but the scores at every step incorpo-
rate a simple function that measures the distance from outputs of the other model. We run this

procedure on each generation model in turn, so that both can benefit from each other.

We present extensive experiments on machine translation and scientific paper summarization
and show that Twist decoding can improve performance over each model decoded in isolation
across several scenarios: combining 1) generic and domain-specific models, 2) left-to-right and
right-to-left generation models, and 3) models that generate using different conditioning inputs.
Our results show consistent performance gains from combining generic and domain-specific
translation models over a wide range of domains, including medical and legal translation. Ap-
plications in these domains require particularly high accuracy, and Twist decoding is a desirable
alternative to standard beam search on a single model. Interestingly, we find that Twist decod-
ing between generic and domain models is effective even when parallel data from the domain
are scarce and the domain model yields poor performance by itself, suggesting complementary

strengths of diverse generators (§4.3.4).

Twist decoding can be seen as a generalization of reranking heuristics that have proven
effective in syntactic parsing (Shen and Joshi, 2003; Charniak and Johnson, 2005; Collins and
Koo, 2005), speech recognition (Collins et al., 2005), and machine translation (Shen et al., 2004;
Och et al., 2004): one model generates candidate sequences, followed by rescoring from another
model. We present extensive comparisons with reranking baselines and demonstrate that Twist
decoding outperforms reranking consistently. We also observe that since the encoder computa-
tions on two models can be parallelized, the inference time required for Twist decoding is much
shorter than the sum of the two models, resulting only in a 50% increase, relative to decoding
of a single model in isolation (§4.4). Twist decoding is therefore a viable alternative to standard

beam search on a single model and the widespread reranking heuristic.
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Twist Decoding
g generates z with guidance from f at iteration ¢

k: beam size. M: maximum length.

Vg: vocabulary of g. g(-): scoring function.

V=1 set of output sequences from f. Z(!): new outputs.
By;: beam of continuing sequences.

H: expanded hypotheses before beam selection.

d(-,-): distance between partial sequences.

Ag: scalar coefficient for the distance.

1 YD = {? = map_output(y) |y € y(f—U}
By + {Bos}, Z) « &
for ne€ {1,...,M} do
H+o
forz € B,_; do # Expansion.
forz € V; do
S < g(z o Z) —/\f minyejj(t,n d (Z 02z, ygn)
H.add({s,z o z))
end for
end for
11: By, < topk(H), Z().add (finished (H))
12: end for
13: return Z(*)

—_
1

Figure 4.2: TwisT decoding when g is guided by f. Swap f and g and y and z to obtain Y, map_output
converts outputs from f to g; e.g., f’s detokenization followed by g¢’s tokenization. It would also include
sequence reversal if f or g is a right-to-left model. The highlighted line is the only modification that TwisT
decoding introduces to standard beam search. The input sequence to g is omitted. See also Kasai et al.
(2022c) for the stopping criterion and implementation details (the first come, first served heuristic).

4.2 Twist Decoding

We propose Twist decoding, a general decoding algorithm that generates text from diverse mod-

els without assumptions of a shared vocabulary, tokenization, or generation order. At the core

of the algorithm is a simple modification in standard beam search (highlighted in Fig. 4.2); we

incorporate into a scoring function the distance from outputs that are previously generated by

another model.
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4.2.1 Initial Decoding

Let us assume that we have two generation models: f and g.! Both f and g assign scores to
output sequences.? For example, f can be a domain-specific translation model and g a generic
one. f and g perform their own pre/postprocessing (e.g., (de)tokenization) and factorization
(e.g., left-to-right or right-to-left factorization). Here we suppress for brevity the conditional
dependence on the input (e.g., machine translation input from the source language). Standard
beam search with a beam size k is first applied to f to produce a set of k output sequences:
V). This approximately solves topk,, f (y) by pruned breadth-first search, and often returns
higher-quality outputs than the exact search counterpart (Stahlberg and Byrne, 2019; Meister
et al., 2020a).

4.2.2 Mutually-Guided Decoding

Once Y is obtained, we proceed with decoding generators with mutual guidance (Fig. 4.2;

t>1).

Output Sequence Mapping. The commonly-used technique of ensembling (Sutskever et al.,
2014) or shallow fusion (Gulcehre et al., 2015; Stahlberg et al., 2018) adds scores from f and
g at every step and executes the same search algorithm to approximately solve topk, f (y) +
¢(y). This method thus necessitates a shared vocabulary, tokenization, and generation order
(Imamura and Sumita, 2017). We relax this assumption and first map the candidates in Y{~1)
to output sequences for g: Y"1 (Line 1 in Fig. 4.2). This mapping (map_output) typically
involves deterministic operations of f’s detokenization followed by g¢’s tokenization. Sequence
reversal is also performed if f and g generate in the opposite order. For example, if g uses byte-
pair encoding (Sennrich et al., 2016b), but f does not, we might have y =John does n’t like Mary

mapped to y =Jo@ hn doesn’t like Mar@ y, where @ denotes subword separation.

IThe algorithm can be readily extended to three or more generators. We also abuse f or g to mean both the
generator and its scoring function.

2They typically assign log-probabilities, but it is not necessary to assume the scores form a valid probability
distribution.
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Decoding with Distance Terms. We then decode g with guidance from yu=n, Specifically, we
perform beam search with a simple modification in scoring (Line 7). In this chapter, we use a

simple distance measure that adds binary distances at all positions (i.e., the Hamming distance):

d(z<n, Y<n) = ) 1{zi # i}

i<n

We also explored using the distance between (sub)word embeddings from the model: Y, ||e(z;) —
e(¥i)||2, but this did not bring improvements (§4.4). Note also that when i exceeds the length of

y, we assume y; = E0s. The overall distance term is then

min d(z<n, Y<n)
yeyi-1

Here we minimize over the output sequences to compute the distance to the closest candidate.
These candidates from Y(""1) can be equally good outputs but differ only by one word; in such
cases, this minimization operation avoids overestimation of the distances. The new score at step

n in beam search is now computed by:

§(z<n) = Ay min d(z<n, Y<u),
yeyi-1)

where A is a scalar coefficient for the distance term that controls the importance of f relative to
g. We tune A; € {0.1,0.3,1.0,3.0} during development. After this beam search, we obtain a new
candidate set, Z(*). We then run the same beam search (Fig. 4.2) with the roles of f, Y and g, Z

swapped.® Namely, we decode f with distance terms from Z(*) at each step of beam search:

f(Y§n) - /\g min d (y<n, Z<n)
zeZ(®)

Finally, the highest-scoring sequence from Y g output. This process of mutually-guided de-
coding can be repeated multiple times. We observe, however, that one iteration (t =1) suffices to
bring performance gains (§4.4). We also present detailed sensitivity analysis over varying A and

Ag and find that Twist decoding is particularly effective when Ag > A (i.e., initial exploration

3We can stop inference with Z (f), but we found that led to performance degradation in preliminary development.
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by g is encouraged with relatively little guidance from f’s original outputs; see §4.4).

Reranking Heuristic as a Special Case. Notice that as Ay — oo, ¢’s generation falls back to a
reranking heuristic: top k sequences from the initial f decoding are reranked according to g. This
reranking heuristic has proven successful in a wide range of sequence generation tasks, including
machine translation (Shen et al., 2004), syntactic parsing (Collins and Koo, 2005), and speech
recognition (Collins et al., 2005). Reranking is performed in many strong machine translation
systems to use a right-to-left model to improve a left-to-right model; e.g., top-performing systems
in recent WMT competitions (Ng et al., 2019; Kiyono et al., 2020; Wang et al., 2021, Akhbardeh
et al., 2021). In our experiments, we extensively compare performances of Twist decoding and

reranking and demonstrate that the former consistently outperforms the latter.

4.3 Experiments

We present experiments across three scenarios: combining domain and generic models for ma-
chine translation (§4.3.1), left-to-right and right-to-left machine translation models (§4.3.2), and
scientific paper summarization models that take as input different parts of the paper (§4.3.3).
We empirically compare Twist decoding with decoding in isolation and the widely-adopted
reranking baselines, illustrating that Twist decoding offers performance improvements in vari-

ous situations without any change to the trained models.

4.3.1 Domain and Generic Models

Machine translation has now been used for many domains, ranging from everyday conversations
to medical documents. Machine translation models are often trained on large amounts of parallel
data, such as the Europarl corpus (Koehn, 2005) and the OPUS data (Tiedemann, 2012). Apply-
ing these models to out-of-domain data remains a challenge (Koehn and Knowles, 2017; Chu and
Wang, 2018), and users for some of these domains require high accuracy in translation (e.g., med-
ical and legal documents). We will demonstrate that Twist decoding between general-purpose

and domain-specific models is a viable approach to tackle this problem.
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Setups. We use machine translation datasets over diverse domains from prior work (Koehn and
Knowles, 2017; Hu et al., 2019): German—English over medical (1.1M training sentence pairs),
legal (720K pairs), Koran (religious text, 480K pairs), and subtitles (14M pairs) domains.* For the
domain-specific models, we train a base-sized transformer model (Vaswani et al., 2017) with a
6-layer encoder and a 6-layer decoder on the training data of each domain. The top-performing
German—English system from WMT19 (Barrault et al., 2019; Ng et al., 2019)° is used as the
generic model. This generic model is a large-sized transformer trained on a concatenation of pub-
licly available parallel data, including the Europarl (Koehn, 2005) and UN (Ziemski et al., 2016)
corpora with the backtranslation technique (Sennrich et al., 2016a). We follow (de)tokenization
(Koehn et al., 2007) and byte-pair encoding (Sennrich et al., 2016b) of previous work (Koehn and
Knowles, 2017; Hu et al., 2019).°

For every domain, we evaluate a total of six configurations: decoding of the generic and
domain models each in isolation; the reranking baseline and Twist decoding with f being the
generic model and g being the domain model, as well as the versions where f and g are swapped
to see the effect of the two roles. In all cases, we use beam size 5 (Freitag and Al-Onaizan, 2017)
and length penalty 1 (Wu et al., 2016) and conduct all experiments using the fairseq library
(Ott et al., 2019). All performance is measured with the COMET score (Rei et al., 2020a,b) and
the SACREBLEU implementation (Post, 2018) of the BLEU score (Papineni et al., 2002). Note that
COMET is based on crosslingual contextual representations (Conneau et al., 2020), and recent
work showed that it achieves significantly higher correlation with expert human judgment than
BLEU and other n-gram-based metrics (Kasai et al., 2022a,d). More experimental details are

described in Appendix §C.1.1.

Results. Seen in Table 4.1 are the results from our experiments over various domains. Firstly,
given two translation models f and g, Twist decoding outperforms the reranking baseline in
all configurations (indicated in blue) with only one exception (a small drop in BLEU in the
subtitles domain). Particularly noteworthy are the gains in the medical domain: TwisTt decoding

outperforms the reranking heuristic by 5.8 COMET and 1.4 BLEU points when f is the domain

4We excluded the IT domain because we found significant overlap between training and dev./test data.
Shttps:/ / github.com/pytorch/fairseq/ tree/main/examples/wmt19.
6h’c’cps: / / github.com/JunjieHu/dali.
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German—English Medicine Law Koran Subtitles

Method f g COMET BLEU COMET BLEU COMET BLEU COMET BLEU
Isolation Generic - 445 41.2 30.6 34.8 14.4 16.6 34.4 31.3
Isolation Domain - 80.7 48.3 60.7 409 8.7 17.0 32.3 29.0
Rerank Generic Domain 59.6 43.5 56.4 36.1 14.7 17.0 40.3 32.3
Twist Generic Domain 71.6 47.5 61.4 40.2 16.5 18.5 41.0 32.2
A (Twist— Rerank) +12.0 +4.0 +5.0 +4.1 +1.8 +1.5 +0.7 —-0.1
Rerank Domain Generic 75.8 48.7 59.9 40.8 12.3 18.1 36.5 30.3
Twist Domain Generic 81.6 50.1 61.6 41.3 15.3 18.7 37.3 31.0
A (Twist— Rerank) +58 +14 +1.7  +05 +3.0 +0.6 +0.8  +0.7

Table 4.1: Combination of generic and domain-specific translation models. The generic model is the
top-performing translation model in WMT19 (Ng et al., 2019) that is trained on a collection of parallel
corpora, such as the Europarl and the UN corpora. Two settings are considered for the reranking baseline
and Twist decoding: f is the generic model and g is the domain model or the reverse. The best scores are
in bold. COMET (Rei et al., 2020a,b) uses crosslingual contextual representations (Conneau et al., 2020)
and achieves significantly higher correlation with expert human judgment than BLEU (Papineni et al.,
2002) and other alternative metrics (Kasai et al., 2022a,d).

model and g is the generic model. Twist decoding is thus an effective generalization over the
reranking heuristic commonly used in the literature across domains.

Comparing the performance of decoding in isolation and Twist decoding, we observe that
the best score from Twist decoding substantially outperforms each individual model over all
domains: e.g., 81.6 vs. 80.7 (domain model) and 81.6 vs. 44.5 (generic model) COMET points in
the medical domain. In both medical and legal domains, the generic model underperforms the
domain model by a large margin. Nonetheless, Twist decoding between the two improves over
the domain model, suggesting that Twist decoding makes use of their complementary strengths.
Finally, we see a consistent pattern regarding f and g: both TwisT decoding and the reranking
baseline perform better when the higher-performing model is chosen as f. (e.g., the domain
model performs better in medicine and law, and vice versa in subtitles.) This is expected because

f is used both for initial decoding and final decoding with ¢’s guidance (Fig. 4.1).

4.3.2 Left-to-Right and Right-to-Left Models

Language generation models usually factorize sequences autoregressively in a left-to-right order,
but previous work showed that left-to-right (L2R) models can be improved by reranking their

outputs with a separate right-to-left (R2L) model (Imamura and Sumita, 2017; Ng et al., 2019;
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Kiyono et al., 2020, inter alia). TwisT decoding can be readily applied to such scenarios since it

does not assume shared generation order between models.

Setups. We experiment with two language pairs from the WMT 2020 news translation task
(Barrault et al., 2020): Chinese—English (WMT20 ZH-EN, 48M training sentence pairs) and
English—German (WMT20 EN-DE, 48M pairs). Submissions for these language pairs to the
shared task have human evaluations from professional translators (Freitag et al., 2021), and the
correlation between automatic metrics and the human ratings are studied in subsequent work
(Kasai et al., 2022a); COMET (Rei et al., 2020b,a) achieves the highest correlation out of the 15+
metrics.

Similar to the previous experiments, we measure all performance using COMET and BLEU
scores. Note that we use two reference translations per instance for WMT20 ZH-EN and three
for WMT20 EN-DE, following Kasai et al. (2022a). They both have reference translations from
two different services, and WMT20 EN-DE has an additional translation created by linguists who
are asked to paraphrase the two translations as much as possible. These paraphrased transla-
tions are shown to increase correlation with human judgments by mitigating the translationese
effect (Graham et al., 2020) and diversifying the reference (Freitag et al., 2020). On each dataset,
we follow the preprocessing and tokenization (Koehn et al., 2007; Sennrich et al., 2016b) from
Kasai et al. (2022a)” and train a large-sized transformer model for left-to-right and right-to-left
translation, in which the output English/German sequences are reversed after tokenization. We
implement all models and decoding with fairseq and apply beam search with beam size 5 and
length penalty 1. We again consider a total of six settings: reranking and TwisT decoding with
L2R as f and R2L as g or the reverse, as well as the individual models. Further details can be

found in Appendix §C.1.2.

Results. Table 4.2 shows the results from L2R and R2L translation models. Twist decoding
again outperforms the reranking counterpart by a considerable margin in COMET and BLEU on
both language pairs; e.g., 43.1 vs. 41.2 COMET points on WMT20 ZH-EN when f is R2L and g

is L2R. The best performance is achieved by Twist decoding on both datasets and improves over

7h’c’cps: / / github.com/jungokasai/billboard /tree /master/baselines.
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WMT?20 Test ZH—EN EN—DE
Method f ¢ COMET BLEU COMET BLEU

Isolation L2R - 408 35.5 429 455
Isolation R2L - 404 35.0 43.3 449

Rerank  L2R R2L 414 36.1 43.7 46.0
Twist L2R R2L 4238 36.8 454 46.7
A (Twist— Rerank) +1.4 +0.7 +1.7 +0.7

Rerank R2L L2R 41.2 354 44.7 45.2
Twist R2L L2R 43.1 36.8 44.8 46.0
A (Twist— Rerank) +1.9 +14 +0.1 +0.8

Table 4.2: Combination of left-to-right (L2R) and right-to-left (R2L) transformer translation models. ZH:
Chinese. DE: German. Two settings are considered for reranking and our Twist decoding each: L2R or
R2L as f. The best scores are in bold.

the individual models by more than 1 BLEU point. The reranking baseline, on the other hand,
does not outperform L2R in BLEU when f is R2L: 35.4 vs. 35.5 (ZH-EN) and 45.2 vs. 45.5 (EN-
DE). This result illustrates that Twist decoding is a more effective approach to combine models

with different generation order than the popular reranking.

4.3.3 Summarization with Different Input

We also experiment with strong models on a highly abstractive scientific paper summarization
task: SciTLDR (Cachola et al., 2020). Specifically, we use two BART-based models from prior
work (Cachola et al., 2020) that differ in input type: one that only takes as input the paper abstract

(Abst.) and the other a concatenation of the abstract, introduction, and conclusion (AIC).2

Setups. We use the train/dev./test split from Cachola et al. (2020). Again following Cachola
et al. (2020), we use all human-written summaries (written either by authors or undergraduate
computer science students) as the reference and evaluate performance in terms of the ROUGE
score (Lin, 2004).” We average the instance-level scores from the Python rouge-score implemen-
tation.!® Similar to our previous experiments, we use beam size 5 and length penalty 1. See more

detail in Appendix C.1.3.

8h’c’cps: / / github.com/allenai/scitldr.
9We release our models and their outputs, so other metrics can be readily used as well in the future.
Ohttps:/ /pypi.org/project /rouge-score/ .
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Results. Table 4.3 presents our results. Twist decoding substantially outperforms the reranking
baseline when f is the AIC model (e.g., +0.5 ROUGE-L points), but they yield (almost) the
same performance when f is the Abst. model. Nonetheless, Twist decoding achieves the best
performance out of all configurations. Our small improvements might be attributed to the fact
that the input to the Abst. model is a strict subset of the AIC model and there are only limited

benefits from combining them.

SciTLDR Summ. Test ROUGE
Method f g R-1 R-2 R-L
Isolation  Abst. - 39.9 21.1 34.5
Isolation  AIC - 40.2 21.3 34.9

Rerank Abst. AIC 40.5 21.7 35.1
Twist Abst. AIC 40.5 21.7 35.0

A (Twist— Rerank) 0.0 0.0 —0.1
Rerank AIC  Abst. 401 212 348
Twist AIC Abst. 40.7 221 35.3

A (Twist— Rerank) +06 409 405

Table 4.3: Combination of scientific paper summarization models. Both models are BART-based models
from prior work (Cachola et al., 2020) with different input: abstract only (Abst.) or abstract, introduction,
and conclusion (AIC). The best scores are in bold. The ROUGE scores (R-1, R-2, and R-L) are computed
by averaging instance-level scores from the Python rouge-score implementation.

4.3.4 Low-Resource Scenarios

In our experiments over four diverse domains (§4.3.1), we assumed that plenty of parallel data
is available in every domain, and the domain model generally outperformed the generic model.
Concretely, we used 1.1M and 720K training sentence pairs for the medical and legal domains,
based on the data splits from previous work (Koehn and Knowles, 2017; Hu et al., 2019). In real-
world applications, however, these domain-specific translation data are often scarce since they
need to be annotated by bilingual speakers with expertise in those domains. The question arises:
can a domain model trained on small parallel data still help the generic model by its complementary
strengths? To simulate such low-resource scenarios, we randomly sample {10k, 20k, 40k, 80k}
sentence pairs and conduct the same evaluations with the generic and domain models as f and
g, respectively.

Fig. 4.3 plots COMET scores of various decoding methods on the medical and legal domains.
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The score from the generic model is constant because we only change the domain training data.
There is a striking trend: even though the domain model performs poorly by itself, it improves
the generic model through TwisT decoding over varying sizes. Reranking also helps the generic
model as the data size increases, but the improvement is less pronounced than that of Twist

decoding.

------ Generic —4— Domain —« Rerank - TWIST
(A) Medicine
100f ‘ | 11007 | 1

50 %:’

0, ]

10k 20k 40k 80k 10k 20k 40k 80k
Domain Data Domain Data

Figure 4.3: Results when parallel data are scarce in the target domain. Both Twist decoding and reranking
use the generic model as f and the domain model as g. COMET (Rei et al., 2020a) is a regression-based
metric that can take negative values. As are tuned in each case, and we found that as the domain model (g)
gets stronger, A, increases, relative to Ay. This observation is aligned with the intuition that A indicates
the relative importance of g’s guidance.

4.4 Analysis

Iterations. So far, we have only applied one iteration of Twist decoding, but Fig. 4.4 plots
performance over multiple iterations. Iteration 0 signifies f’s initial decoding (y(*) in Fig. 4.1),
and every iteration involves ¢’s decoding with f’s guidance (z)) and its reverse (y(t)). We
observe that the first iteration brings most of the performance gains. This makes TwisTt decoding
practically appealing, as it improves performance without much increase in the computation or

inference time (see below).

Inference Time. Table 4.4 reports the runtime of each decoding method, relative to f’s decoding
in isolation. We use batch size 1 on the same single A100-SXM GPU and measure the wall-

clock time from when all models are loaded until all outputs are obtained. As expected, Twist
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decoding results in a slowdown compared to decoding in isolation, but the increase in time is
only 50%. The inference time for Twist decoding is much shorter than the sum of f and g
in isolation (1.4x vs. 2.1x on medical translation) because 1) the encoder computation for f
and g can be parallelized and 2) the encoder computation for f is done only once while we
need two runs of f’s decoder. We leave it to future work to further speed up Twist decoding;
since the slowdown of TwisT decoding primarily comes from the decoder, it can be sped up by
best-first beam search (Meister et al., 2020b), a deep-encoder, shallow-decoder strategy (Kasai
et al., 2021a), or a fast, linear-complexity variant of the transformer decoder (Peng et al., 2021;
Kasai et al., 2021b) that is shown to retain the performance of the standard encoder-decoder
transformer. Another approach could be sequence-level knowledge distillation (Kim and Rush,
2016), which has proven successful in speeding up an ensemble translation model (Freitag et al.,

2017).

(A) Medicine  (B) WMT20 ZH-EN  (C) SciTLDR

03! 137 34/
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Figure 4.4: Effects of iterations on dev. performance. Iteration O refers to the initial decoding from f.
Every iteration consists of g’s decoding with f’s guidance followed by f’s decoding with ¢’s guidance.
The values of As are kept the same over all iterations for simplicity. Initially, we explored gradually
increasing the As as f and g’s outputs become closer, but we found no substantial performance gain.

Inference Medicine WMT20 ZH—EN

Method f g Time f g  Time
Isolation  Domain - 1.0x R2L - 1.0x
Isolation Generic - 1.1x L2R - 1.0x
Rerank Domain Generic 1.0x R2L. L[2R 1.0x
TwisT Domain Generic 1.4x R2L L[2R 15x

Table 4.4: Inference time relative to a single model decoded in isolation. It is measured on the same single
Nvidia A100-SXM GPU with batch size 1. We measure the wall-clock time from when the models are
loaded until the last sentence is translated on the test data.
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Figure 4.5: Dev. set performance measured in the COMET score (Rei et al., 2020a,b) with varying A, and
Ag. See Appendix §C.2 for other configurations.

Dev. Set Results Medicine WMT20 ZH-EN
Distance Function COMET BLEU COMET BLEU
Original 92.8 58.1 36.5 26.4
One Candidate 93.2 58.2 35.4 25.8
Embed. Distance 92.8 57.9 36.5 26.2

Table 4.5: Variants of the distance function in TwisT decoding. f is the domain model and g is the generic
model for medical translation (German—English). f is R2L and g is L2R for WMT20 Chinese— English.

Sensitivity Analysis on Distance Coefficients. As discussed in §4.2.2, A¢ and A, weight the
distance terms from f and g respectively. We tuned Ay and A¢ on the dev. set from the range
of {0.1,0.3,1.0,3.0}. Fig. 4.5 visualizes how they affect the overall performance on the dev. sets.
Ag> Ay generally yields good performance, suggesting the effectiveness of the initial exploration

by g with relatively weaker guidance from f.

Variants of Distance Functions. We experiment with two variants of distance terms (Table 4.5):
1) one candidate, which measures the distance from the 1-best candidate from the other model
(vs. minimization over multiple candidates; §4.2.2) and 2) embed. distance, which calculates the
distance based on the Euclidean distance between the embeddings. Here the embeddings are
taken from the output layer of the decoder. Overall, both variants yield similar performance to
the original distance function, but the one candidate method has a substantial performance drop
on WMT20 ZH-EN. Note also that the embed. distance method necessitates additional distance
computations between the token embeddings. This result illustrates that our original distance

function is a simple yet effective design choice.
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Medicine gomam (Isolation) @ Generic (Isolation) Domain (Isolation) € Generic (Isolation) @
;f &g;l: ;nj SZ?EEOHIIIS Aolgfﬁgg edizeskmesm In placebo-controlled trials, the incidence of
Reference rsdll)lfc ton orp disf:on’?inuation sh,oul d be akathisia in bipolar patients was 12.1% with
considered aripiprazole and 3.2% with placebo.
ifps}igzs iingnséy}rjglif:r?’:i)ﬁf gagliiil‘{:i(d;’sdk;?:sm In placebo-controlled trials, the incidence of
Domain reduction or discontinuation should be akat£us1a o blf ola.r dls(?r(.ier as
considered. 12.1% and 3.2% with aripiprazole.
If, a patient treated with ABILIFY,ShO.WS . In placebo-controlled studies, the incidence of
Generic o> and symptoms of late dyskinesia, it akathisia in bipolar patients was
should be considered to reduce the dose or o) = T
stop treatment. 12.1% with aripiprazole and 3.2% with placebo.
Twist If signs .and symptoms of axdieldvalcs In placebo-controlled trials, the incidence of
f: Domain appear in one patient on ABILIFY, a dose akathisia in bipolar patients was
) . reduction or discontinuation should be o) = T
g: Generic considered 12.1% with aripiprazole and 3.2% with placebo.

Table 4.6: Example outputs from machine translation on the medical domain. For Twist decoding, f
is the domain model, and g is the generic model. In the left section, the generic model fails to cap-
ture technical terminology (late dyskinesia vs. tardive dyskinesia for the German term, Spitdyskinesie),
and Twist decoding chooses the correct term of tardive dyskinesia from the domain model. In the
right example, the domain model has a problem in coordination (12.1% and 3.2% with aripirazole vs.
12.1% with aripirazole and 3.2% with placebo), and Twist decoding successfully benefits from the accu-
rate translation of the generic model.

Examples. Seen in Table 4.6 are example German— English translations from the medical do-
main. The left section presents a case where the domain model translates the technical term,
Spitdyskinesie, into the corresponding English term: tardive dyskinesia. The generic model,
on the other hand, generates a literal translation: late dyskinesia. In the right section, the
domain model fails to handle the coordinate structure: 12.1% and 3.2% with aripiprazole vs.
12.1% with aripiprazole and 3.2% with placebo. Further, the final output has wording closer to
the reference translation: trials vs. studies and bipolar patients vs. bipolar disorder. These ex-

amples illustrate that Twist decoding benefits from the complementary strengths of the domain

and generic models.

84



4.5 Related Work

4.51 Decoding from Multiple Models.

Much early work proposed methods to generate text from multiple models especially for machine
translation (often called consensus-based decoding; Bangalore et al., 2001, 2002; Matusov et al., 2006;
Rosti et al., 2007; Sim et al., 2007; Hildebrand and Vogel, 2008). Most of these methods limit their
search space to n-best candidates from individual translation models (Li et al., 2009), contrasting
with our Twist decoding where one model can update its translation outputs under the guidance
of another model. Collaborative decoding (Li et al., 2009) trains a separate feature-based scorer that
measures the consensus between phrase-based Chinese-to-English translation models. Several
recent works proposed inference algorithms for decoding from multiple generators for specific

tasks, such as detoxification and abductive reasoning (West et al., 2021; Liu et al., 2021).

4.5.2 Alternatives to Left-to-Right Decoding.

We showed that TwisT decoding can be used to benefit from models with diverging generation
order. Several prior works proposed approaches for generating text in a different fashion than
the standard left-to-right order. For example, much recent work explored non-autoregressive
generation (Gu et al., 2018; Lee et al., 2018; Mansimov et al., 2019; Ghazvininejad et al., 2019; Kasai
et al., 2020, inter alia) primarily to parallelize and speed up inference. More specifically, several
works introduced training and/or inference algorithms that combine left-to-right and right-to-
left models for machine translation (Zhou et al., 2019) and commonsense inference (Zaidi et al.,
2020). Qin et al. (2020) incorporated right (future) context into a left-to-right language model by
iterative gradient-based updates on the output representations. Those algorithms are designed
specifically for the combination of left-to-right and right-to-left generation and cannot be easily
extended to more general situations, such as diverging tokenization and vocabularies where

Twist decoding has been shown effective.
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4.6 Summary

This chapter presented Twist decoding, a general inference algorithm that generates text from
diverse models without the assumption of a shared vocabulary, tokenization, or generation or-
der. Our method enables diverse models to guide each other, thereby outperforming individual
models over various scenarios, even when one of the models is much weaker because of limited
data. We also demonstrated that Twist decoding can be viewed as a generalization and im-
provement of the commonly-adopted reranking heuristic. As it only requires a small change in
code, we hope that researchers and practitioners will explore complementary strengths of diverse

generation models through Twist decoding.
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Chapter 5

Transparent Human Evaluation for

Image Captioning

Today people talk about the rapid progress in natural language processing (NLP) and artificial
intelligence (AI). But what are we measuring? Are we making progress from everyone’s point
of view? Evaluating NLP systems presents a serious challenge, particularly for language gener-
ation tasks such as machine translation and summarization. Language generation is inherently
open-ended, and generation quality cannot be measured using a simple metric like classifica-
tion accuracy or F1 score. As Al technology becomes further enmeshed in our society, it is
vital to systematically collect feedback about models from human users. This chapter introduces
and adopts an interpretable evaluation rubric for state-of-the-art image captioning models. Un-
like evaluations conducted by previous work (e.g., evaluations without any interpretable rubric),
our human-in-the-loop evaluation demonstrates that machine-generated captions continue to fall

short of human-written ones.

5.1 Introduction

Recent progress in large-scale training has pushed the state of the art in vision-language tasks (Li
et al., 2020b; Zhang et al., 2021, inter alia). One of these tasks is image captioning, whose objective

is to generate a caption that describes the given image. The performance in image captioning

The material in this chapter is adapted from Kasai et al. (2022d).
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Machines P R CIDEr
A red fire hydrant spewing water on a street. 5 3 139.2
A red fire hydrant spraying water on a street. 5 3 205.2
Human

A busted red fire hydrant spewing water all 5 5 120.5
over a street creating a rainbow.

Figure 5.1: These machine captions are precise (in the scale of 1-5) but lose points in recall (i.e., coverage
of salient information); they both ignore the rainbow in the picture. Automatic metrics, such as CIDEr, do
not capture this failure.

has been primarily measured in automatic metrics (e.g., CIDEr, Vedantam et al., 2015; SPICE,
Anderson et al., 2016) on popular benchmarks, such as MSCOCO (Lin et al., 2014) and Flickr8k
(Hodosh et al., 2013). Use of these metrics is justified based on their correlation with human
judgments collected in previous work (Hodosh et al., 2013; Elliott and Keller, 2014; Kilickaya

et al., 2017, inter alia).

Continuous use of these previous human judgments, however, raises significant concerns for
development of both captioning models and automatic metrics because of their lack of trans-
parency. In previous work, annotators (crowdworkers, typically) rate image captions directly
(Hodosh et al., 2013), pairwise (Vedantam et al., 2015), or along multiple dimensions such as
thoroughness (Aditya et al., 2015) and truthfulness (Yatskar et al., 2014). These scoring judg-
ments depend highly on individual annotators” discretion and understanding of the annotation
scheme (Freitag et al., 2021; Clark et al., 2021), making it difficult to decompose, interpret, and
validate annotations. This lack of transparency also makes it difficult to interpret evaluation
results for downstream applications where some aspects are particularly important (e.g., accessi-
bility for people with visual impairments; Gleason et al., 2019, 2020). Further, these annotations
were done only on relatively old models (e.g., MSCOCO leaderboard submissions in 2015; An-

derson et al., 2016). Correlations of automatic metrics with human judgments can break down
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especially when model types change (Callison-Burch et al., 2006), or generation models become
increasingly powerful (Ma et al., 2019a; Edunov et al., 2020). We thus develop an up-to-date,
transparent human evaluation protocol to better understand how current models perform and
how automatic metrics are correlated when applied to current models.

At the core of our rubrics are two main scores in a tradeoff: precision and recall (Fig. 5.1).
The former measures accuracy of the information in a caption, and the latter assesses how much
of the salient information in the image is covered. We then penalize a caption if we find a
problem in fluency, conciseness, or inclusive language. Two or more authors evaluate every instance
and collaborate to resolve disagreements, ensuring high quality of the annotations. We assess
outputs from four strong models as well as human-generated reference captions from MSCOCO.

We call our scores THumB 1.0 (Transparent Human Benchmark), and release them publicly.

Key Findings We made several key observations from the evaluations.

* Machine-generated captions from recent models have been claimed to achieve superhuman
performance using popular automatic metrics (human performance is ranked at the 250th
place in the MSCOCO leaderboard),! but they still show substantially lower quality than

human-generated ones.

* Machines fall short of humans, especially in recall (Fig. 5.1), but most automatic metrics say
the opposite. This finding is consistent with prior work that showed that machines tend to

produce less diverse captions than humans (van Miltenburg et al., 2018).

¢ Human performance is underestimated in the current leaderboard paradigm, and there is still

much room for improvement on MSCOCO captioning.

* CLIPScore and RefCLIPScore (Hessel et al., 2021), recently proposed metrics that use image
features, improve correlations particularly in recall. While they fail to score human generation

much higher than machine one, they capture an aspect that is less reflected in text-only metrics.

¢ Currently available strong captioning models generate highly fluent captions. Fluency evalu-

1h’c’cps: / /competitions.codalab.org/competitions/3221#results.
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ation is thus no longer crucial in ranking these models.

5.2 Evaluation Protocol

We establish a transparent evaluation protocol for English image captioning models. Our rubrics
and rules are developed through discussions among all annotators (first four authors of this

paper) and designed to increase the reliability of evaluation (Jonsson and Svingby, 2007)

5.2.1 Evaluation Setups and Quality Control

We used images from the test data in the standard Karpathy split (Karpathy and Fei-Fei, 2015) of
the MSCOCO dataset (Lin et al., 2014). The dataset consists of 113K, 5K, and 5K train/dev./test
everyday-scene photos sampled from Flickr. We randomly sampled 500 test images and prepared
one human- and four machine-generated captions for every image (§5.2.3). We first performed
developmental evaluations of 250 captions for 50 images and created rubrics. We then proceeded
with the rest of the captions. For every image, captions were shuffled, and thus annotators did
not know which caption corresponded to which model, thereby avoiding a potential bias from
knowledge about the models. We conducted two-stage annotations: the first annotator scores
all captions for given images, and the second annotator checks and modifies the scores when
necessary. After the developmental phase, the x coefficient (Cohen, 1960) was 0.86 in precision
and 0.82 in recall for the rest of the evaluated captions (§5.2.2).2 The first four authors of this
paper conducted all evaluations; none of them are color blind or low vision, two are native
English speakers, and one is a graduate student in linguistics. We finally ensured that at least
one native speaker evaluated the fluency of every caption (§5.2.2), meaning that if a caption is
annotated by the two non-native speakers, one native speaker checks the fluency in an additional

round.

2Furthermore, we found that a third annotator did not change the scores for all 100 captions randomly sampled
for meta-evaluations, confirming the sufficiently high quality of our two-stage annotations. Disagreement in ratings
can also result from a certain degree of subjectivity (Misra et al., 2016).
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5.2.2 THumB 1.0

Similar to the framework of the automatic SPICE metric (Anderson et al., 2016), we base our

manual evaluations on two main scores: precision and recall. We also consider three types

of penalty: fluency, conciseness, and inclusive language. The overall score is computed by

averaging precision and recall and deducting penalty points.

Image Caption P R Flu. Total

1-A: Up-Down 34 0 35

{ A dog playing with a frisbee on the ground. '
1-B: VinVL-base
A otter is laying on the sand next to two frisbees. 5401 44
1-C: VinVL-large 43 0 35
A small animal laying on a rock with three frisbees. ’
2-A: Up-Down 53 0 4
A close up of a plate of broccoli.
2-B: Unified-VLP, VinVL-base, VinVL-large 44 0 4
A plate of pasta and broccoli on a table.
2-C: Human 5 01 49
A multi colored dish with broccoli and white twisted pasta in it. ' '
3-A: Unified-VLP 34 0 35
A little girl holding a video game controller. '
3-B: VinVL-large 45 0 45
A little girl is blow drying her hair on a couch. ’
3-C: Human 55 0 5
A little girl holding a blow dryer next to her head.
4-A: Up-Down 35 0 4
A black cat laying in a red suitcase.
4-B: Unified-VLP, VinVL-base, VinVL-large 55 0 5
A black cat sitting on top of a red suitcase.
4-C: Human 45 0 45
A large black cat laying on top of a pink piece of luggage. '
5-A: Up-Down, Unified-VLP 32 0 25
A man standing in front of a display of donuts. '

® 5-B: VinVL-large 53 0 4

2 A woman standing behind a counter at a donut shop.
>C: Human 5503 47

Woman selling doughnuts with doughnut stock in the background.

Table 5.1: Example evaluations of machine- and human-generated captions. None of these captions get
penalties in conciseness and inclusive language. Evaluated captioning models are described in §5.2.3. All

MSCOCO images are provided under a Creative Commons Attribution 4.0 License (Lin et al., 2014).
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Main Scores

The two main scores are assessed in the scale of 1-5. They balance information accuracy and

coverage.

Precision Precision (P) measures how precise the caption is given the image. For instance,
Caption 1-B in Table 5.1 is perfectly precise, while 1-A (dog vs. otter, one vs. two frisbees) and 1-C
(three vs. two frisbees) are not precise. Precision guards against hallucinations from the language
model (table in 2-B) that are known to be common failures of image captioning models (Rohrbach
et al., 2018). The score of 4 is reserved for relatively minor issues, such as attributes that are
almost correct (e.g., pink vs. red in 4-C, Table 5.1) or cases where the caption does not contradict
the image but is not guaranteed to be true (e.g., it is unclear whether the girl is sitting on a
couch in 3-B). In addition to objects themselves, precision deals with information like properties,
attributes, occasions, locations, and relations between objects (e.g., in a red suitcase vs. on a red

suitcase in 4-A).

Recall Recall (R) measures how much of the salient information (e.g., objects, attributes, and
relations) from the image is covered by the caption. This includes color (e.g., color of the frisbees
in 1-A, 1-B, and 1-C) and guards against generic, uninformative captions that machines tend to
produce (Wang et al., 2020b). For instance, an otter is a small animal, and thus small animal is precise
(1-C); however, it is much less informative (and less natural; Ordonez et al., 2013) than saying an
otter. Similarly, Caption 5-B only says a woman is standing behind a counter at a donut shop,
but she is selling donuts, not buying or looking at donuts, which is salient information from the
picture. We do not take a point off if missing information is already expected from the caption
(e.g., a double-decker bus is typically red). We often find it useful to take a generative approach
when evaluating recall: what image does the caption lead us to imagine? When the caption entails
many potential images that substantially diverge from the given image, the recall score should

be low.>

3Prior work found recall (or specificity) can vary across cultures or languages (van Miltenburg et al., 2017). We
focus on the English language in this chapter.
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Penalties

Fluency Fluency (Flu.) measures the quality of captions as English text regardless of the given
image. Initially, we scored fluency in the scale of 1-5, similar to P and R, but we found most
captions from modern neural network models were highly fluent. Thus, we instead decided to
take points off from the average of P and R if there’s a fluency problem to account for minor
issues that are much less problematic than losing one P/R point. The four annotators had ex-
tensive discussions and developed rubrics for fluency. Similar to recent work on professional
evaluations for machine translation (Freitag et al., 2021), we evaluated under the following prin-
ciple: if a fluency problem is expected to be easily corrected by a text postprocessing algorithm
(e.g., grammatical error correction: Yuan and Briscoe, 2016; Sakaguchi et al., 2017), the penalty
should be 0.1. This includes obvious misspellings or grammatical errors (e.g., A otter in 1-B) and
missing determiners/hyphens (multi colored in 2-C). 0.5+ points were subtracted for more severe
problems, such as duplication (e.g., A display case of donuts and doughnuts), ambiguity (e.g., A
cat is on a table with a cloth on it), and broken sentences (e.g., A large concrete sign small buildings
behind it.). See Table D.1 in §D.1 for more extensive fluency rubrics. Note that the average fluency
penalty was 0.01; this confirms that fluency is no longer crucial in ranking models for MSCOCO

captioning and contrasts with human evaluations previously done for older captioning models.

Conciseness The scores so far do not take into account conciseness of captions. Specifically,
a model could simply increase all scores by describing every detail in a picture. For instance,
the following caption is overly repetitive: a woman lying on her back with knees bent on a beach
towel under a multicolored, striped beach umbrella, surrounded by sand, and with clear blue sky above.
We subtract 0.5 points for these captions. Note that most machine captions were short, and this
penalty was only applied to two human-generated captions. It might become more crucial for
future models with a more powerful object detection module that catches many objects in the

picture.

Inclusive Language We found that some instances substantially diverge from inclusive lan-
guage when humans are described (van Miltenburg, 2020), raising a concern for downstream

applications. In these cases, we added a penalty: 0.5 points were deducted for a subjective
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comment about appearance (e.g., very pretty girl), and 2 points for more severe problems (e.g.,

beautiful breasts).

Rules of THumB

In our development phase, we established the following additional rules to clarify our annotation

scheme.

Avoiding Double Penalties When an error is accounted for in precision, we correct the error
before scoring the recall, thereby avoiding penalizing the precision and recall for the same mis-
take. For example, P=3 is given to Caption 1-A in Table 5.1 because of its wrong detection (dog
vs. otter; one vs. two frisbees), but we score the recall assuming that the caption is now an otter
playing with two frisbees on the ground. This ensures that a generic, useless caption, such as there
is something on something (P=5, R=1), would be ranked considerably lower than a dog on the beach
with two pink and yellow frisbees (P=3, R=5). Similarly, the wrong detection in 5-A (man vs. woman)
is handled only in precision. Note that such error correction is not applicable to hallucinations
because there is no alignment between a part of the image and a hallucinated object (e.g., table in
2-B). This rule departs from the definition of recall in SPICE (Anderson et al., 2016), an automatic
metric that measures the F; score in scene graphs predicted from reference and generated cap-
tions; their alignment is limited to WordNet synonyms (Miller, 1995). This means that classifying
an otter as a dog or even a small animal would result in cascading errors both in precision and
recall, overrating captions that completely overlook the otter or ones that make a more severe

classification error (e.g., miscategorize the otter as a car, compared to a dog).

Object Counts as Attributes All counts are considered as object attributes, and wrong counts
are handled in precision. This simplifies the distinction between precision and recall. For in-
stance, both a frisbee (1-A) and three frisbees (1-C) are precision problems, while saying some
frisbees would be a recall problem when it is clear that there are exactly two frisbees. Note that
this is in line with SPICE, which treats object counts as attributes in a scene graph, rather than

duplicating a scene graph for every instance of an object (Anderson et al., 2016).
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Black and White Photo MSCOCO contains black and white or gray-scale pictures. Some cap-
tions explicitly mention that they are black and white, but we disregard this difference in our
evaluations. The crowdsource instructions for creating reference captions do not specify such
cases (Chen et al., 2015). Further, we can potentially run postprocessing to determine whether it

is black and white to modify the caption accordingly, depending on the downstream usage.

Text Processing Image captioning models often differ slightly in text preprocessing. As a result,
we found that generated captions were sometimes slightly different in format (e.g., tokenized or
detokenized; lowercased or not). For better reproducibility, we follow the spirit of SACREBLEU
(Post, 2018), which has become the standard package to compute BLEU scores for machine trans-
lation: all evaluations, including automatic metrics, should be done on clean, untokenized text,
independently of preprocessing design choices. We apply the following minimal postprocessing
to the model outputs and human captions.

¢ Remove unnecessary spaces at the start or end of every caption.

* Uppercase the first letter.

¢ Add a period at the end if it doesn’t exist, and remove a space before a period if any.

We keep the postprocessing minimal and encourage future model developers to follow the stan-
dard practice in machine translation: every model has to output clean, truecased, untokenized
text that is ready to be used in downstream modules. This also improves the transparency and

reproducibility of automated evaluations (Post, 2018).

5.2.3 Evaluated Captions

We evaluated the following four strong models from the literature as well as human-generated

captions. They share similar pipeline structure: object detection followed by crossmodal caption

generation. They vary in model architecture, (pre)training data, model size, and (pre)training

objective. Evaluating captions from them will enable us to better understand what has been

improved and what is still left to future captioning models.

e Up-Down (Anderson et al., 2018) trains Faster R-CNN (Ren et al., 2015) on the Visual Genome
datset (Krishna et al., 2016) for object detection. It then uses an LSTM-based crossmodal

generation model.
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THumB 1.0 Automatic Metrics

Model Pt Rt Flul Con| Inc.) Totalt BLEU ROUGE BERT-S SPICE CIDEr CLIP RefCL
Human 482 435 0019 002 000 456°0% 262 504 0938 237 1115 0791 0.834
VinVL-large 454 397 0.005 0.00 000 425700 333 565 0946 264 141.8 0784 0.834
VinVL-base 447 395 0.001 000 000 42179% 323 559 0945 256 1384 0.779 0.830

Unified-VLP 4.35 3.77 0.004 0.00 000 4.0679% 316 558 0945 243 1285 0.771 0.821
Up-Down 429 350 0.014 0.00 000 3.8870%5 284 522 0939 210 1107 0.746 0.803

Table 5.2: Performance of image captioning models with respect to THumMB 1.0 (left) and automatic metrics
(right). All scores are averaged over 500 images randomly sampled from the Karpathy test split. P:
precision; R: recall; Flu.: fluency; Con.: conciseness; Inc.: inclusive language. 90% confidence intervals for
total scores are calculated by bootstrapping (Koehn, 2004). All reference-based metrics take as input the
same four crowdsourced captions that are not used in Human for fair comparisons. THumB 1.0 scores
Human substantially higher than the machines, unlike all automatic metrics.

¢ Unified-VLP (Zhou et al., 2020b) uses the same object detection model as Up-Down. The
transformer-based generation model is initialized with base-sized BERT (Devlin et al., 2019)
and further pretrained with 3M images from Conceptual Captions (Sharma et al., 2018).

* VinVL-base and VinVL-large (Zhang et al., 2021) train a larger-scale object detection model
with the ResNeXt-152 C4 architecture (Xie et al., 2017) on ImageNet (Deng et al., 2009). The
transformer generation model is initialized with BERT and pretrained with 5.7M images.

¢ Human randomly selects one from the five human-generated reference captions in MSCOCO.
Those captions were created by crowdworkers on Amazon Mechanical Turk (Chen et al., 2015).

Further details are described in §D.1.2 of Appendix.

5.3 Results and Analysis

We present results and analysis from our evaluations. Our transparent evaluations facilitate

assessments and analysis of both captioning models (§5.3.1) and automatic metrics (§5.3.2).

5.3.1 Comparing Models

Seen in Table 5.2 (left section) is the model performance that is averaged over the 500 test im-
ages and broken down by the rubric categories. Overall, Human substantially outperforms all
machines in the P, R, and total scores. In particular, we see a large gap between Human and

the machines in recall (e.g., Human 4.35 vs. VinVL-large 3.97). This contrasts with the automatic

98



metric-based ranking of the MSCOCO leaderboard, where Human is ranked at the 250th place.*
This result questions claims about human parity or superhuman performance on MSCOCO im-
age captioning. The four machine captioning models are ranked in the expected order, though
the small difference between VinVL-large and VinVL-base suggests that simply scaling up mod-
els would not lead to a substantial improvement. We see that the three models that are initialized
with pretrained BERT (VinVL-large/base, Unified-VLP) are particularly fluent, but the problem
is small in the other models as well.

While we compute representative, total scores, our transparent rubrics allow for adjusting
weighting of the categories depending on the application of interest. For instance, in the social
media domain, recall can be more important than precision to make captions engaging to users
(Shuster et al., 2019). To assess the models independently of these aggregation decisions, we
count the number of times when each model outperforms/underperforms all the others both in
P and R (strictly best/worst, Table 5.3). We see patterns consistent with Table 5.2. For example,
Human is most likely to be strictly best and least likely to be strictly worst. This suggests that
machine captioning models would still fall short of crowdworkers in a wide range of downstream

scenarios.

Model Human Vin-large Vin-base U-VLP Up-Down
# Best 1 327 180 161 112 74
# Worst | 65 128 150 190 269

Table 5.3: # times when each captioning model is strictly best/worst in the caption set (i.e., best/worst
both in precision and recall).

5.3.2 Comparing Automatic Metrics

While carefully-designed human judgments like ours should be considered more reliable, auto-
matic metrics allow for faster development cycles. Our transparent evaluations can also be used
to analyze how these automatic metrics correlate with different aspects of image captioning. Ta-
ble 5.2 (right section) shows automatic scores of the captioning models over 7 popular metrics

for image captioning. CLIP (CLIPScore; Hessel et al., 2021) is a referenceless metric that uses

4The official leaderboard ranks submissions using CIDEr (Vedantam et al., 2015) with 40 references on the hidden
test data. We use the public Karpathy test split instead, but we suspect the same pattern would hold on the hidden
data as well, given the large gap between machines and Human.
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image features from CLIP (Radford et al., 2021), a crossmodal retrieval model trained on 400M
image-caption pairs from the web. RefCL (RefCLIPSCore) augments CLIPScore with similarities
between the generated and reference captions. All other metrics, such as SPICE (Anderson et al.,
2016) and CIDEr (Vedantam et al., 2015), only use reference captions without image features.
These automatic metrics generally agree with our evaluations in ranking the four machines,
but completely disagree in the assessment of Human. Most metrics rank Human near the bottom,
showing that they are not reliable in evaluating high-quality, human-generated captions. The two
metrics with powerful image and text features (CLIPScore and RefCLIPScore) give high scores
to Human compared to the other metrics, but they still fail to score Human substantially higher
than VinVL-large. This suggests that automatic metrics should be regularly updated as our
models become stronger (and perhaps more similar to humans), and raises a significant concern

about the current practice that fixes evaluation metrics over time (Kasai et al., 2022a).

w/o0 Human w/ Human

Metric P R Total P R Total

RefCLIPScore 0.34 027 044 031 026 041700
RefOnlyC 042 014 041 037 0.11 0347008
CLIPScore 018 027 032 017 028 032773
CIDEr 027 018 033 021 011 02370
BERT-S 027 018 033 020 010 021700
SPICE 026 015 030 020 009 021700
ROUGE-L 026 017 031 0.18 0.07 01800,
BLEU 021 013 025 015 004 013700

Table 5.4: Instance-level correlations of automatic evaluation scores. RefCLIPScore and CLIPScore use
image features unlike the others, and all but CLIPScore require references. All of these reference-based
metrics use the same subset of four captions as in Table 5.2 that exclude Human. All metrics had correla-
tions lower than 0.1 for fluency.

Seen in Table 5.4 are instance-level Pearson correlation scores between automatic scores and

our evaluations.”

We also add an ablation study: RefOnlyC removes image features from Re-
fCLIPScore to quantify the effect of image features. We consider two types of scenarios: one
with Human and one without. Correlations drop from the latter to the former for all metrics and

aspects except CLIPScore, again showing that the metrics are not reliable in assessing human-

SInstance-level Pearson correlations with human judgments were often computed in prior work to compare au-
tomatic metrics for image captioning (e.g., Hessel et al., 2021). An alternative is system-level correlations, but they
would be uninformative with five systems only.
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generated captions. Interestingly, CLIPScore correlates best in recall (0.28 w/ Human) but suffers
in precision (0.17 w/ Human). RefOnlyC, in contrast, achieves the best correlations in P at the
expense of R. RefCLIPScore balances the two and achieves the best correlation in total scores.
This indicates that the CLIP image features particularly help assess coverage of salient informa-
tion that can be ignored in some reference captions from crowdworkers.® Prior work (Hessel
et al., 2021) found that SPICE can still improve correlations when combined with CLIPScore,
even though CLIPScore better correlates with human judgments than SPICE. This implies that
image-based and reference-only metrics capture different aspects of image captioning. Our anal-
ysis indeed agrees with their finding and, further, identifies that recall is one such aspect. For an

extensive description of these metrics and their configurations, see §D.1.1.

5.3.3 Score Distributions

Seen in Fig. 5.2 are distributions of precision and recall scores for human and machine-generated
captions. We see that the precision distribution looks similar between Human and machines, but
not recall. This provides further support for our claim that current machines fall short of humans

particularly in recall.

Precision of Human Precision of Machines Recall of Human Recall of Machines
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Figure 5.2: Precision/recall histograms for human- and machine-generated captions.

5.3.4 Machine vs. Human Examples

Table 5.5 provides examples that contrast machine- and human-generated captions. We see that

machine-generated captions ignore salient information or make critical errors for these images.

®The low recall correlations of reference-only metrics can be partly because the maximum (as opposed to minimum
or average) is typically taken over multiple reference captions (e.g., BERTScore, Zhang et al., 2020b). Nevertheless,
this alone does not explain the recall gap from image-based metrics because RefCLIPScore also takes the maximum
score over all references. Future work can explore the relation between precision/recall and different treatments of
multiple references.

101



These problems often occur in relatively rare cases: a tennis player is showing excitement rather
than hitting a ball; a bride and groom are cutting a wedding cake; a boy is wearing a tie without
a shirt; a man is putting clothing and a tie on a dummy instead of a person. But these situations
are exactly the most important information because of their atypicality (Feinglass and Yang, 2021).
This illustrates fundamental problems of current image captioning models that are left to future

work.

5.4 Related Work

Human Evaluations for Image Captioning Several prior works conducted human evaluations
for image captioning with varying models, datasets, and annotation schemes. Much work used
crowdworkers from Amazon Mechanical Turk on Flickr-based datasets, including the PASCAL
(Rashtchian et al., 2010), Flickr8k/30k (Hodosh et al., 2013; Young et al., 2014), and MSCOCO
datasets. Annotators scored the overall quality directly (Kulkarni et al., 2011; Hodosh et al., 2013),
pairwise (Vedantam et al., 2015), or along multiple dimensions, such as truthfulness/correctness
(Yatskar et al., 2014; Anderson et al., 2016), thoroughness (Aditya et al., 2015), relevance (Yang
etal., 2011; Li et al., 2011), and grammaticality /readability (Mitchell et al., 2012; Elliott and Keller,
2013). There are similarities between our rubrics and previous annotations, but our framework
defines every dimension in a decomposable way through discussions among all annotators, while
focusing on outputs from strong models currently available. Apart from these conventional
Flickr-based datasets, some other work evaluated image captions for social media (engagingness,
Shuster et al., 2019; accessibility for Twitter users with vision impairments, Gleason et al., 2019,
2020) and news articles (Biten et al., 2019). Our transparent evaluations would enable us to adjust
the aggregation method based on the nature of downstream applications. More specializing

categories can be added for these applications in later versions (e.g., THumMB 2.0).

Human Evaluations for Other Generation Tasks Much previous work explored human eval-
uations for other language generation tasks than image captioning. The WMT shared task
(Akhbardeh et al., 2021) conducts human evaluations of state-of-the-art machine translation sys-

tems every year; participants or crowdworkers directly rate a translation in a 100-point scale,
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which is a method developed by Graham et al. (2013, 2014, 2017). GENIE takes a similar approach
but hosts human evaluations in leaderboards for machine translation, summarization, and com-
monsense reasoning (Khashabi et al., 2022). Kryscinski et al. (2019) and Fabbri et al. (2021)
assessed many summarization models in a similar annotation scheme to the DUC 2006/2007
evaluations (Dang, 2006). Our transparent evaluation framework is inspired by rubric-based ma-
chine translation judgments by professional translators (Freitag et al., 2021), which resulted in
different system rankings than the WMT evaluations. As top-performing models and automatic
metrics are becoming increasingly similar across various natural language generation tasks, our

findings on image captioning may be useful for other generation tasks as well.

5.5 Summary

This chapter introduced THuMB 1.0, transparent evaluations for the MSCOCO image captioning
task. We refined our rubrics through extensive discussions among all annotators, and ensured
the high quality by two-stage annotations. Our evaluations demonstrated critical limitations
of current image captioning models and automatic metrics. While recent image-based metrics
show promising improvements, they are still unreliable in assessing high-quality captions from
crowdworkers. We hope that our annotation data will help future development of better caption-
ing models and automatic metrics, and THumB 1.0 will become a basis for transparent human

evaluations for the image captioning task and beyond.
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Caption P R Flu Total

6-A: Up-Down

A man holding a tennis racquet on a tennis court.
6-B: Unified-VLP, VinVL-base, VinVL-large

A man holding a tennis racket on a tennis court.
6-C: Human

A tennis player shows controlled excitement while a
crowd watches.

7-A: Up-Down

A person cutting a cake with a knife.

7-B: Unified-VLP

A person cutting a wedding cake with a knife.

7-C: VinVL-base

A couple of cakes on a table with a knife.

7-D: VinVL-large

A woman cutting a cake with a knife.

7-E: Human

Bride and grooms arms cutting the wedding cake with
fruit on top.

8-A: Up-Down

A young boy wearing a blue shirt and a blue tie.
8-B: Unified-VLP

A young boy wearing a shirt and a tie.

8-C: VinVL-base

A young boy wearing a tie standing in front of a lamp.
8-D: VinVL-large

A young man wearing a tie and a shirt.

8-E: Human

A man wearing only a tie standing next to a lamp.
9-A: Up-Down

A couple of men standing next to each other.

9-B: Unified-VL

Two men standing in a room.

9-C: VinVL-base

A couple of men standing in a room.

9-D: VinVL-large

Two men standing next to each other in a room.

9-E: Human
A man standing next to a dummy wearing clothes.

5 3 0 4

Table 5.5: Examples that contrast machine- and human-generated captions. All machine-generated cap-
tions overlook or misinterpret salient information: the excitement the tennis player expresses, the bride
and groom cutting a wedding cake, the boy not wearing a shirt, and the man putting a tie on a dummy.
None of these captions are penalized for conciseness or inclusive language. See §D.1.3 in Appendix for
more examples.
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Chapter 6

Bidimensional Leaderboards: Generate

and Evaluate Language Hand in Hand

This chapter introduces an abstraction of leaderboards, called bidimensional leaderboards (BILLBOARDS),
an interface that bridges modeling and evaluation research. BILLBOARDs simultaneously facili-
tate progress in natural language generation and its evaluation. BILLBOARDs accept two types
of submissions related to a given task and dataset: generators and metrics. Unlike conventional
leaderboards, BILLBOARDs do not tie model ranking to a predetermined set of metrics: generators
are ranked based on the most reliable metric currently available. BILLBOARDs’ built-in analysis
shows that most automatic evaluations overrate machine over human-written generation, demon-
strating the importance of updating metrics as generation models become stronger (and perhaps

more similar to humans) in the future.

6.1 Introduction

Recent modeling advances have led to improved natural language generation in applications
such as machine translation and summarization (Ng et al., 2019; Raffel et al., 2020; Brown et al.,
2020, inter alia). This progress is typically measured with automatic scores, such as BLEU (Pap-
ineni et al., 2002) and ROUGE (Lin, 2004), executed by modeling researchers themselves. These

metrics allow for fast, inexpensive development cycles. They were adopted based on reported

The material in this chapter is adapted from Kasai et al. (2022a).
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Figure 6.1: Bidimensional leaderboard (BiLLBOARD). When a generator developer submits output text
(output.txt), BILLBOARD computes all metric scores. When a metric developer submits an executable
program (e.g., metric.py), BILLBOARD computes correlation with the human judgments, updates the
ensemble metric (§6.2.2), and measures how much the metric overrates machines (§6.2.3).

correlations with human judgments at the time the metrics were introduced, but it has since been
established that the correspondence can collapse when models of different types are compared
(Callison-Burch et al., 2006) or models become increasingly powerful (Ma et al., 2019a; Edunov
et al., 2020).

Meanwhile, many evaluation metrics that improve correlation with human judgments have
been proposed (Clark et al., 2019; Zhang et al., 2020b; Sellam et al., 2020; Hessel et al., 2021,
inter alia), but this progress has yet to be broadly adopted by the community of researchers
focused on advancing models. Indeed, consistent with prior meta-evaluations (Marie et al., 2021),
we found that 68% of the machine translation papers from NAACL and ACL 2021 evaluated
their models solely by BLEU, and only 5% measured the performance using recent metrics with
contextual representations such as COMET (Rei et al., 2020a). Similarly, automatic evaluation in
66% of the summarization papers was done only in terms of ROUGE.! We believe this separation
between generation modeling and automatic evaluation represents a missed opportunity for each
subcommunity to more rapidly benefit from the advances of the other.

We therefore propose an abstraction of conventional leaderboards, bidimensional leader-
boards (BILLBOARDs), that simultaneously facilitates progress in natural language generation and

its evaluation (Fig. 6.1). A BILLBOARD accepts two types of submissions related to a given task and

1We examined all papers whose title contains “machine translation” and “summarization.” See Appendix E.1 for
details.
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dataset: generators and metrics. Unlike conventional leaderboards, model ranking is not tied
to a predetermined set of metrics; the generators are ranked based on the metric that currently
correlates best with human judgments. Metric submissions are ranked by their correlations to
human judgments, and each is stored as an executable program, which will then be used to eval-
uate future generation submissions. Our BILLBOARD includes a sparse regression that selects and
linearly combines three existing metrics, revealing complementary strengths. All leaderboard
scores are readily reproducible, allowing research on generation models and automatic metrics
to benefit from each other.

We release four BILLBOARD interfaces (https://nlp.cs.washington.edu/billboard/) spanning
three generation tasks: the WMT20 EN-DE and WMT20 ZH-EN machine translation tasks (Bar-
rault et al., 2020), the CNNDM summarization task (Hermann et al., 2015), and the MSCOCO

image captioning task (Lin et al., 2014).

Key Findings Using the collective analyses of BILLBOARDs, our main findings are as follows.

¢ A simple linear combination of a few (diverse) metrics can sometimes improve correlation.
This finding quantifies complementary effects of different metrics and encourages metric de-

velopers to seek out aspects of generated text quality not yet measured by existing metrics.

¢ Using linear mixed-effects models, we find that most automatic metrics, especially conven-
tional, reference-based ones such as BLEU and ROUGE, overrate machines over humans in all
tasks. This result provides further support for the claim that the metrics should be continu-
ally evaluated and updated as our generation models become stronger (and perhaps, closer to

humans).

* When only one reference is available per instance, COMET-QE (a strong referenceless metric
with crosslingual contextual representations; Rei et al., 2020a) achieves higher correlation with
human judgments than all reference-based metrics. This raises a concern about the current
standard evaluation practice in machine translation and summarization that uses reference-

based metrics with a single reference per instance.

¢ Our findings confirm many others who report that recent metrics achieve substantially higher
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correlation with human judgments than popular metrics like BLEU and ROUGE in Birr-
BOARDs. We believe these older metrics continue to be used mainly because modeling re-
searchers value consistency and accessibility of evaluation practice over long periods of time.
BILLBOARDs provide a way to maintain long-term comparability of system output while also
drawing better conclusions about system quality, using advances in evaluation. All generators

continue to be evaluated with new metrics on BILLBOARDsS.

6.2 Bidimensional Leaderboards

We propose BILLBOARDs to simultaneously drive progress in natural language generation and its
evaluation, which are often disconnected in current research. We first describe the general frame-
work (§6.2.1) and the automatic analyses they provide (§6.2.2-6.2.3). We then discuss our design
choices (§6.2.4) and the rubric-based, human judgment data necessary to initialize BILLBOARDs

(§6.2.5).

6.2.1 Billboard Framework

The leaderboard paradigm has driven research on state-of-the-art model performance on many
tasks in various fields (e.g., ImageNet, Russakovsky et al., 2015; SQuAD, Rajpurkar et al., 2016).
As applications and tasks become more diverse, however, the conventional leaderboard paradigm
presents a serious challenge: the assumption becomes too strong that predetermined, automatic
metrics can reliably score the system performance over time. In particular, scores from automatic
metrics often diverge from human judgments in language generation tasks, especially when
models become increasingly powerful (Ma et al., 2019a).

Much recent work proposed new evaluation metrics that improve correlations with human
judgments in certain generation tasks (Clark et al., 2019; Zhang et al., 2020b; Sellam et al., 2020;
Hessel et al., 2021, inter alia), but most developers of generation models are not benefiting from
them (See Appendix E.1 for our analysis of papers from NAACL/ACL 2021). From the perspec-
tive of generation model developers, it is not clear which of these many metrics in the literature
is most reliable in which generation task or dataset, resulting in community-wide overuse of

long-standing metrics like BLEU and ROUGE. Developers of evaluation metrics, on the other
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hand, are missing the opportunity to apply their metrics to new generation models and compare
them with the existing ones. We propose BILLBOARDs that bridge this gap between generation

modeling and evaluation development.

Generators, Metrics, and Scores A BILLBOARD for a language generation task consists of sets of
generators and evaluation metrics: G = {G;}/_;, M = {M]'}]]':l- Each generator G; takes as input
X} (e.g., source text in machine translation) and generates text: Y; = G;(X). A metric M assigns
a score to each generated text given the generation input and the corresponding set of references
Ri: sijk = M; (Y, Ry, Xi). The last two arguments to the function are optional; some metrics do
not require references (i.e., referenceless or quality estimation metrics) or the generation input (e.g.,

BLEU). We then compute the aggregate score s; ; by averaging s; jx over K test examples.

Rankings In contrast to standard leaderboards, BILLBOARDs have a dynamic set of evaluation
metrics, and generators are not ranked by a predefined metric. We first rank the metrics by
measuring their correlations to human judgments as commonly done in the generation evaluation
literature (Zhang et al., 2020b; Sellam et al., 2020). Let /;; be a human score for Y (i.e., output
from generator G; on input Xj). We compute the instance-level Pearson correlation for every
metric M; between h;; and s;jx (M; score for Y;;). All metrics are ranked by their correlations.
We then use the top metric M- to rank the generators in the descending order of s; ;<. We defer
our discussions on alternative design choices (§6.2.4) and human evaluations (§6.2.5). We note,

however, that the overall framework of BILLBOARDs still holds regardless of these decisions.

6.2.2 Ensemble of Metrics

So far, we have assumed that metrics are used individually in isolation, but BILLBOARDs provide
a unique opportunity to examine metrics collectively. Different metrics can capture different as-
pects of generation quality; even if a metric is not sufficiently informative in isolation, it might
reflect an important aspect of text quality that the existing metrics overlook. Here we consider a

straightforward and interpretable ensemble of metrics using a regression model with ¢; regular-
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ization (Tibshirani, 1994). Let the ensemble’s score be
. ]
hig =Y wi-sijk
j=1

where w; is a scalar coefficient associated with the jth metric and the intercept term is sup-
pressed. We optimize the vector of coefficients w with the pairs of output text and a human

score {Yi, hix}X_| from the test data:

K N2
w* = argmin ) (hyy - hz-,k> + Allwls
W k=1

The /; regularization produces sparse coefficients and improves interpretability by removing
highly correlated metrics. Moreover, it avoids the need for practitioners to run many metrics
to obtain an ensemble score when used outside our BiLLBoARrDs. Our goal for the ensemble is
to provide a useful signal to the research community, rather than to achieve the best possible
correlation with human judges at a given time; we tune A to get three non-zero coefficients.
Every metric is standardized by its mean and standard deviation on the test data.

Similar to the individual metrics, we rank this ensemble metric by its correlation to the human
judgments. To make fair comparisons, we simulate situations where the ensemble is applied to
a newly submitted generator that has no human evaluations. Specifically, we perform cross
validation that holds out the human judgments for each generator G; and runs regression on the
rest; we then apply these I regression models to the corresponding held-out data and calculate
the overall correlation. We will see that the ensemble metric outperforms all individual metrics

in some cases, suggesting that different metrics can capture different aspects.

Reproduciblity The ensemble metric is updated every time a new metric is submitted (Fig. 6.1).
For reproducibility, we keep track of every past ensemble metric with a signature that indicates
its coefficients, A, and input metrics in the backend. Similar to SAcREBLEU (Post, 2018), model
developers can report the signature for easy replication of their scores from the ensemble metric.?
Further, all generation outputs are saved on the leaderboards, so model developers can download

outputs from all past models and compare in any way.

2E.g., ensemble.wmt20-zh-en+refs.AB+version.1.
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6.2.3 Mixed-Effects Model Analysis

Recent work (Kasai et al., 2022d) observed that automatic metrics tend to overrate machine-
generated text over human one on the MSCOCO image captioning task (Chen et al., 2015). This
problem is particularly severe in conventional metrics that are based on n-gram overlap such as
BLEU and CIDEr (Vedantam et al., 2015). This raises a significant concern about the continuous
use of these conventional metrics in generation tasks as models become increasingly powerful
(and more similar to humans); those metrics unintentionally discourage researchers from devel-
oping human-like, strong generation models. To quantify this undesirable property, we propose
a linear mixed-effects model that compares the two groups of machine- and human-generated
text. The underlying model assumes that s;  , the score from metric M; for generator G; and test

example k, can be expressed as (the intercept term is suppressed for brevity):

Sijk= ﬁ]o 1{G; is machine}+ ﬁ]ihi,k%—'yﬁ-ei,j/k

where 7 is the random effect for example k, and €; ;x is Gaussian noise. Intuitively, [56 measures
how much metric M; overrates machine generation over human one, compared against the human
judgment h; k. ,BJO = 0 means being neutral, and indeed we will find that ,B]O is significantly positive
in most cases (§6.4). We standardize all metric scores over the test samples to compare the size

of ﬁ{) We apply the Ime4 package (Bates et al., 2015).

6.2.4 Design Choices and Discussion

In our current setup, we make several design choices for metrics and their rankings:

* M.1 Metrics are expected to positively correlate with the generation output quality.

¢ M.2 By default, metrics are ranked based on their instance-level Pearson correlations with
human judgments. We also compute and present their system-level Kendall rank correlations.

¢ M.3 When available, reference-based metrics use multiple references per instance.

M.1 implies that we need to take the negative of metric scores that are intended to negatively cor-

relate (e.g., TER, Snover et al., 2006). This normalization is also done in WMT metric competitions
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WMT20 ZH-EN Reference

Xining will implement the Xining Civilized Behav-
ior Promotion Regulations from October 1st, which
focus on 15 types of uncivilized behavior, such as
pedestrians who do not follow the traffic lights and
throw objects from buildings.

Generated Translation

Xining City will implement the “Xining City Civi-
lized Behavior Promotion Regulation” from October
1, focusing on 15 types of uncivilized behaviors such
as pedestrians not passing traffic lights and throwing
objects from buildings.

Reference

Japanese Prime Minister Shinzo Abe posted a
video to celebrate the 70th anniversary of the
founding of the People’s Republic of China.
Generated Translation

Japanese Prime Minister Shinzo Abe congrat-
ulated the 70th anniversary of the founding of
the People’s Republic of China via video.

Article

It may have been her impressive vocals... It’s
now been revealed that X Factor finalist and
pop star Ella Henderson has joined forces
with dry shampoo brand Batiste. The 19-
year-old has been announced as the official
face of the Batiste’s 2015 “Ready For It” cam-
paign, and this will mark the star’s first brand
collaboration... The partnership between the
platinum award-winning artist and the UK’s
number 1 dry shampoo brand...

Generated Summary

Ella, 19, announced as face of Batiste’s 2015

Article

Arsenal manager Arsene Wenger does not know the
exact reason Alexis Sanchez chose the Emirates Sta-
dium over Anfield — but he is glad the Chile forward
will be lining up for his side rather than against them
for Liverpool on Saturday...

Generated Summary

Alexis Sanchez was courted by a number of elite clubs
“Ready for It” campaign. X Factor Finalist’s last summer. Sanchez has scored 19 goals so far this
first brand collaboration with the UK’s No 1 . 1 2 3 4 5 season. Arsenal boss Arsene Wenger does not know
dry shampoo. Crowd o 0 o 25 if Sanchez decided to join the North London club.

Figure 6.2: Comparisons and meta-evaluations of crowdworker and rubric-based, expert evaluations for
WMT20 ZH-EN and CNNDM summarization. Every dot represents one test instance that is evaluated
by the same numbers of experts and crowdworkers (one for WMT20 ZH-EN and three for CNNDM)
for fair comparisons. We randomly sampled instances with diverging evaluations in two areas and
conducted binary meta-evaluations (good @ or bad quality @)). Meta-evaluations agree more with the
expert evaluations: @ > @ in the upper left squares and @ > @ in the lower right squares. We suspect
that the highlighted text might have caused the disagreement.

(Callison-Burch et al., 2007, 2008, inter alia).

While instance-level correlations are commonly used to evaluate and compare automatic met-
rics for various language generation tasks (Sellam et al., 2020; Fabbri et al., 2021; Hessel et al.,
2021, inter alia), there are several alternatives to M.2. For example, Pearson, Spearman’s rank, or
Kendall rank correlations can be used on a system (i.e., generator) level (Callison-Burch et al.,
2007; Machécek and Bojar, 2014; Mathur et al., 2020b). However, such system-level correlations
would substantially reduce data points to compare automatic scores, resulting in many ties in
the ranking. Spearman’s and Kendall rank correlations become brittle when multiple generators
are similar in overall output quality; penalizing a metric for swapping two similar generators is
misleading (Machacek and Bojar, 2014). Moreover, if a metric can perform well on an instance
level, it can be used to augment human judgments by, for example, flagging likely wrong rat-
ings (Mathur et al., 2020b). Thus, we encourage researchers to develop metrics that correlate

well with human judgments on an instance level. Prior work also points out other problems in
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ranking metrics like outlier effects where outlier systems have a disproportionately large effect on
the overall correlation (Mathur et al., 2020a,b). We therefore assume M.2 in the current version
of BiLLBOARDS, but this can be modified in a future version.

M.3 is supported by our experimental results in §6.4 that multiple references substantially
improve reference-based metrics, and a single reference is often insufficient to outperform strong
referenceless metrics. Some metrics have specifications for multiple references (e.g., BLEU,
CIDEr). In the other cases, we evaluate outputs against every reference and take the maximum
score, following prior work on image captioning evaluation (Zhang et al., 2020b; Hessel et al.,

2021).3

6.2.5 Human Evaluation

Human evaluations are required to initialize BILLBOARDs; they are used to rank metrics, train the
metric ensembling model, and assess how much each metric overrates machines. Recent work,
however, points out problems when evaluations are done by crowdworkers even when exten-
sive quality controls are performed (Gillick and Liu, 2010; Toral et al., 2018; Freitag et al., 2021;
Clark et al., 2021). Freitag et al. (2021) show that rubric-based machine translation evaluations by
professional translators led to substantially different generator rankings from the crowdsource
evaluations in WMT 2020 (Barrault et al., 2020), where WMT participants or Amazon Mechanical
Turkers directly assess each translation’s adequacy by a single score (direct assessment). These
crowdworker evaluations depend highly on individual annotators” discretion and understanding
of the annotation scheme (Freitag et al., 2021; Clark et al., 2021), making it difficult to decom-
pose, interpret, and validate (Kasai et al., 2022d). Moreover, these direct assessment scores make
it difficult to interpret evaluation results for downstream applications where some aspects are
particularly important (e.g., accessibility for people with visual impairments in image caption-
ing, Gleason et al., 2020; gender bias in machine translation, Stanovsky et al., 2019).

Motivated by this line of work, we perform meta-evaluations to compare crowdsourced and
rubric-based expert evaluations. Fig. 6.2 plots overall scores for test examples from WMT20 ZH-
EN (Barrault et al., 2020; Freitag et al., 2021) and CNNDM summarization (Fabbri et al., 2021).

Each instance is evaluated by averaging the same number of crowdworkers and expert scores for

3Intuitively, the maximum score measures the distance to the closest out of equally valid generations.
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fair comparisons. We see that substantially many instances fall into disagreement: crowdworkers
give much higher scores than experts (lower right square) or the reverse (upper left square). We
sample and shuffle 20/25 examples from either type and ask a meta-evaluator to make a binary
decision (good @ or bad quality @).* Meta-evaluations agree more with the expert evaluations
(e.g., 22 and 0 @ in the upper left and lower right squares for CNNDM, respectively). In the
examples on the left, crowdworkers fail to properly assess a valid translation with different
structure than the reference (posted a video to celebrate vs. congratulated via video) or a summary
that combines information from different parts of the article. The examples on the right illustrate
that crowdworkers can be fooled by inaccurate yet fluent generations (does not know the reason
vs. does not know if Sanchez decided). Given this result, we decide to initialize our BILLBOARDs
with rubric-based expert evaluations for all generation tasks. We still encourage future work to

explore ways to improve crowdsourced evaluations for scalability.

6.3 Experiments

Having established the framework, we set up BILLBOARDs for three natural language generation
tasks: machine translation, summarization, and image captioning. To maximize the performance
of reference-based metrics, we use as many references as possible for each task. See §6.4 for an

analysis on the effect of varying numbers of references.

6.3.1 Tasks

Machine Translation We experiment with two language pairs from the WMT 2020 news trans-
lation task (Barrault et al., 2020): Chinese—English (WMT20 ZH-EN) and English—German
(WMT20 EN-DE). We use outputs from all submitted translation systems.> These two language
pairs have expert, rubric-based scores (MQM) from Freitag et al. (2021) for a subset of 10 sub-
mitted systems, including the top-performing systems and human translations. Each output
sentence is evaluated by three professional translators. Following Freitag et al. (2021), the three

scores are averaged to get an instance-level score.

“The meta-evaluations were done by a bilingual speaker (WMT20 ZH-EN) and the first author of this paper
(CNNDM).
5 https:/ /www.statmt.org/wmt20/ translation-task.html.
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We use all human translations available as a reference set for reference-based metrics. Con-
cretely, every test instance in WMT20 ZH-EN has two translations provided by different human
translation services: Human-A and Human-B (Barrault et al., 2020). In addition to Human-A and
Human-B, WMT20 EN-DE provides a translation that is created by linguists who are asked to
paraphrase Human-A and Human-B as much as possible (Human-P, Freitag et al., 2020). These
paraphrased translations are shown to increase correlations with human judgments by mitigating
the translationese effect and diversifying the reference when the generation quality is measured by

reference-based metrics (Freitag et al., 2020).

Single Metrics Ensemble of Metrics
Dataset |G| |M| Top Gen. Top Metric Corr. Linear Combination Corr.
ZH-EN 19 15 Huoshan COMET 0.55 1.72.COMET-QE+1.48-COMET+1.21-BLEURT 0.61
EN-DE 17 11 Tohoku COMET 049 1.19-COMET+0.36-COMET-QE+0.02-Prism-ref 0.51
CNNDM 26 15  Lead-3 COMET 0.41 2.85-COMET+0.26-COMET-QE+0.01-BERTScore 0.29
MSCOCO 4 15 VinVL-large RefCLIP-S 0.45 2.08-RefCLIP-S+1.51-RefOnlyC+0.82-CIDEr  0.45

Table 6.1: Summary of BILLBOARDs as of Jan. 10, 2022. Huoshan: Wu et al. (2020a); Tohoku: Kiyono
et al. (2020); VinVL-large: Zhang et al. (2021); COMET, COMET-QE: Rei et al. (2020a); BLEURT: Sellam
et al. (2020); Prism-ref: Thompson and Post (2020); BERTScore: Zhang et al. (2020b); RefCLIP-S: Hessel
et al. (2021); RefOnlyC: Kasai et al. (2022d). COMET-QE is a referenceless metric. BLEURT is specifically
trained to evaluate into-English translations. RefCLIP-S uses image features unlike most metrics for image
captioning. RefOnlyC removes image features from RefCLIP-S and only uses reference text features from
CLIP (Radford et al., 2021).

Along with all submitted generators in WMT20 ZH-EN and WMT20 EN-DE, we train three
transformer baselines with the fairseq library (Ott et al., 2019) and place them in our BILL-
BOARDs: transformer-base, transformer-large, and transformer-large-ensemble with similar hy-
perparameters (e.g., 6-layer encoder and decoder) to the ones trained on the WMT16 EN-DE
data in Vaswani et al. (2017).° These baselines allow researchers to compare their translation
models without resource-intensive techniques such as backtranslation (Sennrich et al., 2016a),
model ensembling, and deep encoders (Kasai et al., 2021a). These techniques are all used in
top-performing systems of WMT20 (Wu et al., 2020a; Kiyono et al., 2020) but might be infeasible

in many research settings. See Appendix E.2 for a list of all hyperparameters for the baselines.

®Data and models are available at https://github.com /jungokasai/billboard / tree /master /baselines.
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Summarization We use the CNN/DailyMail corpus (CNNDM, Hermann et al., 2015; Nallapati
et al., 2016). We use the standard train/dev./test split and 24 models from Fabbri et al. (2021).
100 test articles are annotated with 10 summaries written by humans (Kryscinski et al., 2019). For
those 100 articles, rubric-based, expert evaluations for 18 generators, including human-written
highlights, are provided by Fabbri et al. (2021).” Each output summary is evaluated by three ex-
perts along four dimensions: coherence (collective quality of all summary sentences), consistency
(factual alignment with the article, penalizing for hallucinations), fluency (quality of the individ-
ual sentences), and relevance (selection of important content). An instance-level score is computed
by averaging scores over all these categories and the three experts. Note that this aggregation
method can be modified, depending on the downstream task of interest (Kasai et al., 2022d). All
10 human-written summaries are used as the reference set for reference-based metrics.®

Image Captioning We use the MSCOCO dataset (Lin et al., 2014) that consists of everyday-
scene photos sampled from Flickr. Every image is annotated with five captions written by crowd-
workers (Chen et al., 2015). We apply the standard Karpathy split (Karpathy and Fei-Fei, 2015).
For each of 500 test images, rubric-based evaluations (THuMB 1.0) are available for five systems,
including one caption from a crowdworker (Kasai et al., 2022d). Similar to machine translation
and summarization, we use all five crowdworker captions as a reference set for reference-based

metrics.

6.3.2 Mixed-Effects Models

Our mixed-effects model analyzes how much every automatic metric overrates machines over
humans (§6.2.3). This means that we need to free up one human generation per instance to
measure its scores in the reference-based metrics. For machine translation, we score Human-B
using the reference set of Human-A (WMT20 ZH-EN) or Human-A and Human-P (WMT20 EN-

DE). For CNNDM, we use concatenated highlights as human-generated summaries and use the

7Some of the outputs are lowercased and/or tokenized. In these cases, we apply the NLTK detokenizer (Bird et al.,
2009) and/or the Stanford CoreNLP truecaser (Manning et al., 2014). We encourage, however, future model developers
to provide clean, untokenized output to improve the reproducibility and transparency of evaluation results (Post, 2018;
Kasai et al., 2022d).

8Prior work used a concatenation of author-written highlights as a reference, but here we do not add it to the
reference set. This is because these highlights are sometimes noisy (e.g., containing URLs) or lack coherence (Fabbri
et al., 2021).
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10 human-written summaries from Kryscinski et al. (2019) as the reference. We follow Kasai et al.
(2022d) for MSCOCO and score their randomly-selected Human caption using the other four as
the reference. As the distinction between the reference and human generation (e.g., Human-A vs.
Human B on WMT20 ZH-EN) is arbitrary, we found that swapping the roles would still lead to
similar results (See Appendix E.5).

6.4 Results and Analysis

Here we discuss the current results and make several key observations about the state of language
generation evaluation. Table 6.1 summarizes the four BILLBOARDs. It is particularly noteworthy
that COMET, a metric designed for machine translation, achieves the best correlation on the
CNNDM summarization task as well. COMET evaluates the similarity between the crosslingual
representations from XLM-RoBERTa (Conneau et al., 2020) for input text and its translation can-
didate. But these crosslingual representations can, of course, be used monolingually for English
summarization. This illustrates an additional benefit of BILLBOARDs that centralize different gen-
eration tasks and find surprising task transferability of learning-based metrics. See Appendices

E.2 and E.3 for lists of all participating generators and metrics.

Ensemble Metric The rightmost section of Table 6.1 shows the chosen metrics and their coef-
ficients in the ensemble (§6.2.2). On the machine translation tasks, the ensemble metric outper-
forms the top individual metric.” In particular, we see a substantial gain of 0.06 points in WMT20
ZH-EN. The referenceless metric of COMET-QE is selected both for WMT20 ZH-EN and WMT20
EN-DE, suggesting complementary effects of diverse metrics. To further test this hypothesis, we
perform ablations that drop one out of the three metrics at a time (Table 6.2). We see that only
dropping COMET-QE would result in a decrease in the correlation score. This implies that the

referenceless metric provides important information that the others do not.

9We found a major reason for the anomaly in CNNDM; an outlier generator that does not use the standard
CNNDM training data (the GPT-2 zero-shot model; Ziegler et al., 2019) has a disproportionately large effect on the
regression models. The ensemble metric outperformed the top individual metric of COMET when the zero-shot model
was removed.
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Removed Metric - COMET COMET-QE BLEURT

Correlation 0.61 0.61 0.57 0.61

Table 6.2: Ensemble ablation studies on WMT20 ZH-EN. Only removing COMET-QE leads to a correlation
drop. See Appendix E.4 for the other datasets.

Mixed-Effects Models Seen in Table 6.3 are the results from our analysis that measures how
much metrics overrate machines over humans (§6.2.3). We see that the fixed-effect coefficient S is
significantly positive in most cases. Referenceless metrics tend to have smaller coefficients. This
can be due to the more diverse nature of human text than machine-generated text; reference-
based metrics give a low score to human text that differs from the references even if it is of
high quality. The conventional n-gram overlap-based metrics (BLEU, ROUGE, and CIDEr) have
particularly large coefficients. These results suggest that the evaluation practice should be regu-
larly updated as our generation models become stronger (and perhaps, more similar to human
generation) in the future. Note that unlike the other tasks, “human-generated text” for CNNDM
summarization is an automatic concatenation of author highlights, which contains substantial

noise (Fabbri et al., 2021). This might explain the neutral and negative coefficients.

COMET COMET-QE BLEURT BLEU
0274002 0134001 0324002 0.624002

ZH-EN

COMET COMET-QE Prism-ref BLEU
0.084003 —0.1741002 0444002 0.334003

EN-DE

COMET COMET-QE BERTScore ROUGE-L
CNNDM
—0174012 0.024011 —0.041012 0.334013

RefCLIP-S RefOnlyC CIDEr CLIP-S
0.09+006 0.241006 0431006 —0.0410.05

CcOocCo

Table 6.3: S fixed-effect coefficients from the linear mixed-effects models, quantifying how much auto-
matic metrics overrate machines over humans, relative to human raters. Sy =0 is neutral, and statistical
significance is indicated by red (positive) or blue text (negative). The subscripts indicate 90% confidence
intervals. Three metrics that correlate best with the human judgments are shown as well as one popular
metric. COMET-QE and CLIP-S are referenceless. See §E.5 for the other metrics.

Effects of the Number of References Fig. 6.3 plots correlations over varying numbers of refer-

ences. COMET was the top-performing reference-based metric regardless of the number of refer-
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Figure 6.3: Correlations with varying numbers of references. In all cases, one reference is not sufficient to
outperform the referenceless COMET-QE metric. The default ROUGE assumes English input.

ences, but we observe that it underperforms the refererenceless metric when only one reference is
given. Model performance in machine translation and summarization is commonly measured by
applying reference-based metrics against one reference per instance in the research community.
Our finding thus raises a further concern about the current evaluation practice. Finally, we see
that popular choices of BLEU and ROUGE metrics have much lower correlations than the recent
metrics over various numbers of references, in line with the recent studies (Mathur et al., 2020a,

inter alia).

6.5 Related Work

6.5.1 Related Benchmarks

WMT organizes the metric competition track in parallel with the translation task every year
(Mathur et al., 2020b; Barrault et al., 2020, inter alia). Participants submit automatic scores for the
translation outputs from the parallel translation task. Unfortunately, most of these new metrics
are not used by subsequent machine translation work, perhaps because they are tested solely
against the concurrent translation submissions and it is up to model developers to execute or
even implement new metrics. The GEM workshop (Gehrmann et al., 2021) conducts extensive
analysis of models and evaluation methods over a wide set of generation tasks. BILLBOARDs
ease the burden through standard leaderboard experience where generator developers only need
to upload generation outputs for the test split. BILLBOARDs also offer automatic ensembling
of metrics and quantify the diversity that a new metric adds. The human-in-the-loop GENIE
leaderboard (Khashabi et al., 2022) centralizes crowdsourced evaluations for generation tasks.

The current BILLBOARD setup is based on rubric-based, expert evaluation data from previous
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work, but future work can explore ways to improve crowdsourced evaluations and use them to

update BILLBOARDs.

6.5.2 From Bidimensional to Multidimensional

BILLBOARDs lend themselves to a natural extension: multidimensional leaderboards. In particular,
generation models have more aspects than generation quality, such as training and inference
efficiency, sample efficiency, and robustness. These aspects are often ignored in the current
leaderboard paradigm but are important to better serving practitioners” needs (Schwartz et al.,
2019; Ethayarajh and Jurafsky, 2020; Mishra and Arunkumar, 2021). There are ongoing modeling
and benchmarking efforts especially for efficient machine translation (Heafield et al., 2020; Peng
et al., 2021; Kasai et al., 2021b, inter alia). We leave this extension to future work and specifically

target the gap between generation modeling and evaluation.

6.6 Summary

We introduced BILLBOARDs, a simple yet powerful generalization of leaderboards that bridges
the gap between generation modeling and evaluation research. We established and released four
BrLLBOARDs on machine translation, summarization, and image captioning tasks. We demon-
strated that their built-in analysis of metric ensembling and mixed-effects modeling revealed key
insights into the current state of natural language generation and its evaluation methods. BiLrL-
BOARDs allow for a standard leaderboard experience both on the modeling and evaluation sides.

We invite submissions from researchers through our website.
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Chapter 7

Conclusion

This thesis presents my key contributions towards the long-term goal of efficient, customizable,

and communal natural language processing. We explored efficient methods for machine transla-
tion and transformer models, customization algorithms for language generation, and communal
platforms for robust evaluation.

As shown in Part I, the simple layer allocation strategy of deep encoder, shallow decoder can
be applied to any sequence-to-sequence scenario with a encoder-decoder architecture, though we
focused on machine translation. Such scenarios include large-scale pretraining, such as T5 (Raffel
et al., 2020) and BART (Lewis et al., 2020). T2R made further steps by target the fundamental
inefficiency of transformers that scale quadratically with respect to sequence length. In Part II, we
explored the idea of model customization at inference generation time. This avoided expensive
additional training typically needed for customization. Finally, Part III presents two related

efforts towards communal, rebust evaluation of language generation models.

7.1 Future Directions

Dynamic and real-world evaluations. The Al train has already left the station: ChatGPT is
used by more than 100 million people, and Google Translate translates more than 100 billion
words per day. At present, most Al and NLP models are evaluated statically and only once,
when papers are written. Since Al models have proven useful in many tasks, there has never

been a more opportune time for the community to explore dynamic and real-world evaluations
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beyond fixed test data. My collaborators and I recently started REALTIME QA, a dynamic bench-
marking effort that evaluates question answering systems in real time (Kasai et al., 2022¢).! Such
dynamic evaluations benefit from interdisciplinary collaborations; real-time question answering
systems can, for instance, facilitate emergency management of natural disasters and pandemics.
I am excited to contribute to this effort from NLP and machine learning perspectives. I believe
that real-world evaluations will reveal crucial challenges that guide our future research in many
aspects. For example: How should a real-time system combat fake news or toxic content? How
can we update an NLP system quickly and efficiently to fulfill real-time information needs? I
believe that insights from evaluation methodologies, efficient NLP, and language generation will

add valuable insights to this research area.

Massively multilingual NLP. Current NLP data creation and model development focus heav-
ily on the English language, leading to over-representation of English-centric problems (e.g.,
information needs about American politics). This lack of multilingual NLP research and re-
sources limits the diversity and accessibility of Al technology and heightens the barriers to the
use of many Al applications in the world. Indeed, English covers only one quarter of global
web users.? The NLP community should pursue massively multilingual processing that bene-
tits people around the world; we need to develop linguistically diverse resources and advance
models that can be used for applications in many languages. Indeed, my early work showed
the possibility of effectively expanding AI models to diverse languages with smaller or even
no labeled training data by using our multilingual vector representation (Mulcaire et al., 2019;
Mulcaire* et al., 2019). Multilingual vector representations continue to be studied in more recent
work (e.g., Xue et al., 2021). I believe that it is promising to explore multilingual processing
from the perspectives of inference algorithms and efficiency. Many global languages lack large
knowledge sources, such as Wikipedia, but much current work assumes that user questions can
be answered based solely on a knowledge source in the users’ own language (Asai et al., 2021a,b,
2022). Can we find an inference algorithm that systematically combines knowledge sources from

various languages and provides answers to users regardless of their language? Can we develop

Thttps:/ /realtimeqa.github.io/.
thtps: / /www.internetworldstats.com/stats7.htm.
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models that efficiently process many languages? With the rich body of tools and methods cur-
rently available, the time is ripe to tackle these challenging research problems and improve the
inclusiveness of language technologies for the billions of speakers of the 7,000+ languages other

than English.
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Chapter A

Supplementary Materials for Deep
Encoder, Shallow Decoder: Reevaluating

Non-autoregressive Machine Translation

A.1 Results

Model WMT14 EN—DE WMT16 EN—RO
T E-D —DE Si Smax —#EN S1 Smax —RO S1 Smax —EN S1 Smax

4 66 26.7 44x 03x 30.8 41x 0.3x 33.0 3.6x 03x 333 35x 0.2x
10 6-6 274 19x 02x 312 1.8x 0.2x 333 1.6x 0.1x 337 1.5x 0.1x
4 12-1 247 7.6x 04x 294 69x 0.4x 319 6.6x 03x 327 59x 0.3x
10 12-1 263 43x 02x 303 40x 0.2x 324 35x 0.1x 33.0 34x 0.2x

6-6 274 3.6x 03x 313 3.6x 03x 332 40x 02x 333 41x 02x
12-1 268 6.4x 04x 30.6 6.2x 04x 326 6.0x 03x 32.6 6.3x 0.3x

6-6 283 1.0x 1.0x 31.8 1.0x 1.0x 346 1.0x 1.0x 34.6 1.0x 1.0x
AR 6-1 274 2.7x 14x 30.8 2.6x 1.5X 33.2 3.0x 2.0x 343 29x 20X
12-1 283 25x 14x 31.8 25x 14x 33.8 29x 2.0x 34.8 29x 2.0X%

DisCo

Table A.1: Test BLEU and speed comparisons with varying numbers of encoder (E) and decoder (D)
layers.

Table A.1 provides comparisons of speed and quality in the WMT14 EN—DE and WMT16
EN—-RO datasets.
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A.1.1 Hyperparameters and Setting

All of our models are implemented in fairseq (Ott et al., 2019) and trained with 16 Telsa V100

GPUs CUDA 10.1, and cuDNN 7.6.3. We used mixed precision and distributed training over

16 GPUs interconnected by Infiniband (Micikevicius et al., 2018; Ott et al., 2018). Apart from

EN<«+ZH where we used separate BPE operations, we tie all embeddings (Press and Wolf, 2017;

Inan et al., 2017).

We generally follow the hyperparameters chosen in Vaswani et al. (2017); Ghazvininejad et al.

(2019); Kasai et al. (2020) regardless of the numbers of encoding and decoding layers.! Specif-

ically, we list the hyperparameters in Table A.2 for easy replication. All other hyperparamter

options are left as default values in fairseq.

Hyperparameter Value Hyperparameter Value
label smoothing 0.1 label smoothing 0.1
# max tokens 4096 # max tokens 8192
dropout rate [0.1,0.2,0.3] dropout rate [0.1, 0.2, 0.3]
encoder embedding dim 512 encoder embedding dim 512
encoder ffn dim 2048 encoder ffn dim 2048

# encoder attn heads 8
decoder embedding dim 512
decoder ffn dim 2048
# decoder attn heads 8

max source positions 10000
max target positions 10000
Adam Irate 5x 1074
Adam f4 0.9
Adam B, 0.98
Ir-scheduler inverse square
warm-up Ir 1x1077
# warmup updates 4000
# max updates 300K, 500K (EN—FR)
length penalty 1.0

# encoder attn heads 8
decoder embedding dim 512
decoder ffn dim 2048
# decoder attn heads 8

max source positions 10000
max target positions 10000
Adam lIrate 5x 1074
Adam f4 0.9
Adam B, 0.999
Ir-scheduler inverse square
warm-up Ir 1x1077
# warmup updates 10000

# max updates 300K, 500K (EN—FR)

Table A.2: Autoregressive (left) and non-autoregressive (right) fairseq hyperparameters and setting.

lWe wuse their code at
facebookresearch/DisCo.

https:/ / github.com/facebookresearch /Mask-Predict

and https://github.com/
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A.1.2 Sample Outputs

Here we provide translation outputs randomly sampled from the validation data in ZH—EN.

We do not find a qualitative difference between AR 6-6 and deep-shallow 12-1 models.
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AR Deep-Shallow

Source Reference AR 6-6 121
w e  The previous listis  The list above is The list above is
%\: E;}j?% HHY S not exhaustive, of  certainly certainly not
b course incomplete complete
One million One million

. people, a tenth of ~ One million people, one tenth

%§§é+j§]§§k the entire people, one tenth of Canada’s total

L IRERHAR Canadian of Canada’s population,

% 1i Ve population, were population, live on  depend on
dependent on government aid. government aid
government relief. for their survival.
Women Z\ri(’zize?eneurs Women
entrepreneurs pl isteq  €ntrepreneurs have

AL FNEE  were also assisted 1oL e @00 A8SIStE also been assisted

i KT
H— R I IRE

through a series of
training courses in

through a series of
training courses on
small-scale

through a series of
training courses on

BEHR ) X 55l small-business enterprise small enterprise
IR EH) management, first manap ement management,
T1994F1H#E%Z  conducted in whichgbe o in which began at
FrE s - January 1994 at Januar 15;99 4 at Amman New
Amman New Amma}rfl New Camp in January
Camp. Camp 1994.
Indeed, the iIrerfj;;’ng:t made Indeed, investment
investment in both in saving lives and in saving lives and
= F 7R sayipg l%ves and controlling terror controlling terror
T+ ﬁ{ﬁiﬂ?ﬁﬁ gy reiningin terror must be must be
O i M PR 7 T needs' to be maintained in the malr}tamed n .the
FRVER HEA LU sustained over the medium term in medium term in
?ﬂ(i@?ﬂ%ﬁ; B m(zldium—tfefrm inl order to effectively order to }elffectively
y - to effective reverse the
ARRIAHL - oreet Y reverse the

turn the tide in
this continuing
tragedy.

momentum of this
continuing
tragedy.

momentum of this
continuing
tragedy.

X — B RN
HHRBARREZTT
£ REMEH
I AEX 5 SR
TEAE ST IR Fe
TER—PEERK
WAL B i 5
EPALITAEESPS
AAEEE

In this complex
and convulsed
world that is
supposedly
pluralistic, free
and democratic ,
the United States
is trying to deny
my country, Cuba,
its rightful place as
a sovereign nation.
It is as if two
centuries of
relations between
the two countries
meant nothing.

I am afraid that
this complex and
volatile world is
pluralistic,
democratic and
free, in which the
United States is
trying to deprive
my country of its
rightful place as a
sovereign State,
just as two
hundred years of
relations between
the two countries
are not worth it.

This complex and
volatile world,
which is feared,
pluralistic,
democratic and
free, the United
States is seeking to
deprive our
country of its
rightful place as a
sovereign State, as
if two hundred
years of relations
between the two
countries were not
a matter.

Table A.3: Sample translation outputs from the ZH—EN validation data.
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Chapter B

Supplementary Materials for Finetuning

Pretrained Transformers into RNNs

B.1 Hyperparameters and Setting

All training is implemented in fairseq (Oftt et al., 2019) and run with PyTorch 1.7.1 (Paszke
et al.,, 2019), 8 Telsa V100 GPUs, and CUDA 11.0. We used mixed precision and distributed
training over 8 GPUs (Micikevicius et al., 2018; Ott et al., 2018). Apart from EN—ZH where we
used separate BPE operations and only tied the decoder input and output embeddings, we tie all
embeddings (Press and Wolf, 2017; Inan et al., 2017). We experimented with feature sizes of [16,
32, 64] and [4, 8, 16, 32] for language modeling and machine translation respectively, and chose
the smallest feature sizes that retained the development performance compared to the standard

transformer.

Language Modeling

We generally follow the optimization method from Baevski and Auli (2019). For optimizing a
model from random initialization, the learning rate is linearly warmed up from 107 to 1 for the
initial 16K steps and then annealed using a cosine learning rate schedule with cycles (Loshchilov
and Hutter, 2017). Each period lasts for twice the number of updates than the previous cycle,

and we lower the maximum and minimum learning rates by 25% compared to the previous
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cycle. The initial minimum and maximum learning rates are 107> and 1 respectively (Baevski
and Auli, 2019). We train the model with a batch size of about 74K tokens with a total of 286K
steps (Baevski and Auli, 2019). When we convert a pretrained transformer to an RNN model
by finetuning, we found that we could speed up training by reducing the warm-up steps, total
update steps, maximum and minimum rates, and batch size to 8K steps, 142K steps, 5 - 107, 0.5,

and 25K tokens without loss in validation perplexity.

Randomly Initialized Training We generally follow the hyperparameters chosen in Baevski
and Auli (2019); Fan et al. (2020). Specifically, we list the hyperparameters in Table B.1 for easy

replication. All other hyperparameter options are left as default values in fairseq.

Finetuning Pretrained Transformer Seen in Table B.2 are the hyperparameters for finetuning a
pretrained transformer to RNN models. The learning rates, the max number of updates, and the

learning period length are all reduced.

architecture transformer_Im_wikil03
criterion adaptive_loss
tokens-per-sample 512
sample-break-mode none
# max tokens 3072
dropout rate 0.2
layer dropout rate 0.2
decoder embed dim 1024
decoder ffn dim 4096
# decoder attn heads 8
optimizer nag
Ir-scheduler cosine
Ir-period-updates 270K
Ir-shrink 0.75
t-mult 2
max-Ir 1
min-Ir 1le-9
Ir le-4
clip-norm 0.1
warm-up Ir le-7
# warmup updates 16K
# max updates 286K
# GPUs 8
update-freq 3

Table B.1: Language modeling hyperparameters when randomly initialized in the fairseq library.
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architecture transformer_Im_wikil03
criterion adaptive_loss
tokens-per-sample 512
sample-break-mode none
# max tokens 3072
dropout rate 0.2
layer dropout rate 0.2
decoder embed dim 1024
decoder ffn dim 4096
# decoder attn heads 8
optimizer nag
Ir-scheduler cosine
Ir-period-updates 135K
Ir-shrink 0.75
t-mult 2
max-Ir 0.5
min-Ir le-9
Ir 5e-5
clip-norm 0.1
warm-up Ir le-7
# warmup updates 8K
# max updates 142K
# GPUs 8
update-freq 1

Table B.2: Finetuning language modeling hyperparameters in the fairseq library. The learning rates are
smaller than randomly initialized training.

Machine Translation

We experiment with 3 translation benchmarks: WMT14 EN-DE (4.5M train pairs, Bojar et al.,
2016), WMT14 EN-FR (36M, Bojar et al., 2014), and WMT17 ZH-EN (20M, Bojar et al., 2017). We
follow the preprocessing and data splits by previous work (EN-DE: Vaswani et al., 2017; EN-FR:
Gehring et al., 2017; EN-ZH: Hassan et al., 2018; Wu et al., 2019). These datasets are all encoded
into subwords by BPE (Sennrich et al., 2016b). We run joint BPE on all language pairs except
EN-ZH. We use the hyperparameters of the large sized transformer (Vaswani et al., 2017): 6
layers, 16 attention heads, 1024 model dimensions, and 4096 hidden dimensions for both the
encoder and decoder. We apply dropout with 0.3, weight decay with 0.01 and label smoothing
with ¢ = 0.1. Following Ott et al. (2018), we use an increased batch size of approximately 460K

tokens by accumulating gradients without updating parameters.

Randomly Initialized Training We generally follow the hyperparameters chosen in Vaswani

et al. (2017); Ott et al. (2018). Specifically, we list the hyperparameters in Table B.3 for easy repli-
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cation. All other hyperparamter options are left as default values in fairseq. The parameters

from the last five epochs were averaged to obtain the final model.

architecture transformer_vaswani_en_de_big
criterion label_smoothed_cross_entropy
label smoothing 0.1
# max tokens 3584
dropout rate 0.3
weight decay 0.0
encoder embed dim 1024
encoder ffn dim 4096
# encoder attn heads 16
# encoder layers 6
decoder embed dim 1024
decoder ffn dim 4096
# decoder attn heads 16
# decoder layers 6
max source positions 1024
max target positions 1024
Adam Irate 5e-4, 3e-4 (T2R)*
Adam f 0.9
Adam B, 0.98
Ir-scheduler inverse square
warm-up Ir le-7
# warmup updates 4000
# max updates 30K, 60K (EN-FR)
length penalty 0.6
beam size 5
# GPUs 8
update-freq 16

Table B.3: Machine translation hyperparameters when randomly initialized in the fairseq library. *: we
reduced the learning rate for T2R to avoid training divergence.

Finetuning Pretrained Transformer Seen in Table B.4 are the hyperparameters for finetuning a
pretrained transformer to RNN models. The learning rate and the max number of updates are

reduced. The parameters from the last five epochs were again averaged to obtain the final model.

B.2 Attention Distribution

Peakiness of Attention Fig. B.1 plots the average entropy of the T2R models with and without
pretraining. Entropy is averaged across validation samples, layers, and attention heads. Com-

paring Figs. 3.4 and B.1, we see that there is strong correlation between validation perplexity and
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architecture transformer_vaswani_en_de_big
criterion label_smoothed_cross_entropy
label smoothing 0.1
# max tokens 3584
dropout rate 0.3
weight decay 0.0
encoder embed dim 1024
encoder ffn dim 4096
# encoder attn heads 16
# encoder layers 6
decoder embed dim 1024
decoder ffn dim 4096
# decoder attn heads 16
# decoder layers 6
max source positions 1024
max target positions 1024
Adam Irate 2e-4
Adam f 0.9
Adam B, 0.98
Ir-scheduler inverse square
warm-up Ir le-7
# warmup updates 4000
# max updates 20K, 40K (EN-FR)
length penalty 0.6
beam size 5
# GPUs 8
update-freq 16

Table B.4: Finetuning machine translation hyperparameters. The learning rate is smaller than randomly
initialized training.

entropy. The entropy decreases (and thus the attention distribution gets peakier) when a large
feature size is used or the transformer pretraining is applied. This observation hints at poten-
tial future improvement of linear transformer models by introducing an inductive bias towards

peaky attention distributions.
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Figure B.1: Average entropy of the attention weights. They are computed on the Wikitext-103 validation
data for predicting a word given the preceding 512 words.
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Chapter C

Supplementary Materials for Twist

Decoding: Diverse Generators Guide

Each Other

C.1 Hyperparameters and Settings

We provide training and implementation details for easy replication of our experiments.

C.1.1 Domain Machine Translation

We generally follow the preprocessing and subword tokenization from Koehn and Knowles
(2017); Hu et al. (2019). Table C.1 lists the hyperparameters and setting on fairseq that we
use for all domain-specific translation models. All embeddings are shared (Press and Wolf, 2017;

Inan et al., 2017). We choose the checkpoint that achieved the best loss on the validation data.

C.1.2 Left-to-Right and Right-to-Left

WMT20 ZH-EN Table C.2 lists the hyperprameters and setting on fairseq that we use for
left-to-right and right-to-left models on the WMT20 ZH-EN dataset. We generally follow the

preprocessing and tokenization from Kasai et al. (2022a). We use newstest-2019 as the dev.
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Hyperparameter Value

label smoothing 0.1
# max tokens 8192
dropout rate 0.1
encoder embedding dim 512
encoder ffn dim 2048
# encoder attn heads 8
decoder embedding dim 512
decoder ffn dim 2048
# decoder attn heads 8
max source positions 1024
max target positions 1024
Adam lrate 5x1074
Adam 4 0.9
Adam S, 0.98
Ir-scheduler inverse square
warm-up Ir 1x1077
# warmup updates 4000
# max updates 600K
# GPUs 8
length penalty 0.6

Table C.1: Domain translation fairseq hyperparameters and setting. We generally follow the base-sized
configuration from Vaswani et al. (2017).

set and the official training data.! We apply Moses tokenization (Koehn et al., 2007) and BPE
with 32K operations (Sennrich et al., 2016b) to English text. We tokenize Chinese text with the
Jieba package,? following Hassan et al. (2018). Separately from English, BPE with 32K operations

is then applied to Chinese. The decoder input and output embeddings are tied.

WMT20 EN-DE The same hyperparameters are chosen as in WMT20 ZH-EN (Table C.2). We
again follow Kasai et al. (2022a) and preprocess both English and German text by the Moses

tokenizer and joint BPE with 32K operations. All embeddings are shared.

C.1.3 SciTLDR

We use two BART-based pretrained models from Cachola et al. (2020): the abstract-only version
of BART and the AIC version of CaTTsxsum.> These two models are both BART-based models;

CaTTSxsum is obtained by finetuning BART on the XSUM dataset (Narayan et al., 2018a) with

1h’c’cp: / /www.statmt.org/wmt20/translation-task.html.
Zhttps:/ / github.com /fxsjy /jieba.
3They are both available at https://github.com/allenai/scitldr.
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Hyperparameter Value

label smoothing 0.1
# max tokens 4096
dropout rate 0.1
encoder embedding dim 1024
encoder ffn dim 4096
# encoder attn heads 16
decoder embedding dim 1024
decoder ffn dim 4096
# decoder attn heads 16
max source positions 1024
max target positions 1024
Adam lrate 5x1074
Adam 4 0.9
Adam S, 0.98
Ir-scheduler inverse square
warm-up Ir 1x1077
# warmup updates 4000
# max updates 600K
# GPUs 8
length penalty 0.6

Table C.2: L2R and R2L translation fairseq hyperparameters and setting. We generally follow the large-
sized configuration from Vaswani et al. (2017).

multitask scaffolding (Cachola et al., 2020).

C.1.4 A Tuning

We tune Ay and A¢ from {0.1,0.3,1.0,3.0}, based on the dev. BLEU/ROUGE-L score on machine
translation and paper summarization, respectively. Table C.3 reports the selected A values in all

scenarios.

C.2 Sensitivity Analysis on A

Fig. C.1 presents the sensitivity analysis in the COMET score over many scenarios. Apart from
a few exceptions, Ay > A tends to yield good performance, suggesting the effectiveness of the

initial exploration by g with relatively weaker guidance from f.
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Tuned A

Dataset f g A Ag
Medicine Domain Generic 01 0.3
Generic Domain 01 3.0

Law Domain Generic 1.0 0.1
Generic Domain 01 3.0

Koran Domain Generic 1.0 3.0
Generic Domain 03 3.0

. Domain Generic 1.0 1.0
Subtitles Generic Domain 10 1.0
L2R R2L 1.0 3.0

WMT20 ZH-EN - pop L2R 0.1 3.0
L2R R2L 03 03

WMT20 EN-DE R2L L2R 01 03
. Abst. AIC 1.0 3.0
SCiTLDR AIC  Abst 03 30

Table C.3: Selected A £ and Ag values.

Medicine Medicine Law Law
=< 0 o° 62 o 61 o - 65.5
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0.1 0.3 1.0 3.0 0.1 03 1.0 3.0 0.1 0.3 1.0 3.0 0.1 0.3 1.0 3.0
Domain: Af Generic: A¢ Domain: Af Generic: A¢
WMT20 ZH-EN WMT20 ZH-EN WMT20 EN-DE WMT20 EN-DE
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L2R: Af R2L: A¢ L2R: A R2L: A

Figure C.1: Dev. set performance measured in the COMET score (Rei et al., 2020a,b) with varying A and
Ag.
8
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Chapter D

Supplementary Materials for
Transparent Human Evaluation for

Image Captioning

D.1 Fluency Rubrics

Table D.1 presents our fluency rubrics. They were developed by the first four authors (two of
whom were native English speakers, and one was a graduate student in linguistics). Generally,
if a fluency problem is expected to be easily corrected by a text postprocessing algorithm, the

penalty is 0.1. More severe errors (e.g., broken sentence and ambiguity) are penalized more.

D.1.1 Automatic Metrics

Here we discuss details and configurations of the automatic metrics used in §5.3.2. CLIPScore
and RefCLPScore use image features from CLIP (Radford et al., 2021), a crossmodal retrieval
model trained on 400M image-caption pairs from the web. All the other five metrics only use

reference captions.

BLEU BLEU (Papineni et al., 2002) is a precision-oriented metric and measures n-gram overlap

between the generated and reference captions. We use the SACREBLEU implementation of BLEU-
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Fluency Error Type Penalty Example

Obvious spelling error, one vs. two words 0.1  cel phone, surf board
Grammatical error that can be easily fixed 0.1  a otter

Casing issue 0.1  to, christmas

Hyphenation 0.1  horse drawn carriage

Interpretable but unnatural wording 0.1  double decked bus

Non-trivial punctuation 0.2 A bird standing in the wooded area with leaves all around.
Misleading spelling error 0.5 A good stands in the grass next to the water. (good—goose)
Duplication 0.5  Adisplay case of donuts and doughnuts.

Ambiguity 0.5  Acatis on a table with a cloth on it.

Awkward construction 0.1-0.5 There is a freshly made pizza out of the oven.

Broken sentence 0.5+ A large concrete sign small buildings behind it.

Table D.1: Fluency penalty rubrics.

4 and get sentence-level scores (Post, 2018).!

ROUGE ROUGE (Lin, 2004) measures the number of overlapping n-grams between the gener-

ated and reference captions. We use the rouge-score implementation of ROUGE-L.?

CIDEr CIDEr (Vedantam et al., 2015) measures the cosine similarity between the n-gram counts
of the generated and reference captions with TE-IDF weighting. We use the implementation from

the pycocoevalcap package.?

SPICE SPICE (Anderson et al., 2016) predicts scene graphs from the generated and reference
captions using the Stanford scene graph parser (Schuster et al., 2015). It then measures the F;
score between scene graphs from the generated and reference captions. WordNet Synsets are
used to cluster synonyms (Miller, 1995). We again use the implementation from the pycocoeval-

cap package.

BERTScore BERTScore (Zhang et al., 2020b) aligns tokens between the generated and reference
captions using contextual word representations from BERT (Devlin et al., 2019). We use the
HuggingFace implementation (Wolf et al., 2020) and compute the F; score. As in Zhang et al.

(2020b), we take the maximum score over all reference captions.

1h’c’cps: / / github.com/mjpost/sacreBLEU /blob/v1.2.12/sacrebleu.py#L999.
Zhttps:/ /pypi.org/project/rouge-score/ .
3https:/ / github.com/salaniz/pycocoevalcap.
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CLIPScore CLIPScore (Hessel et al., 2021) is the only referenceless metric out of the 7 metrics.
It measures the cosine similarity between the generated caption and given image using the rep-
resentations from CLIP. It is shown to correlate better with human judgments from prior work,
compared to previous reference-based metrics (Hessel et al., 2021). We use the official implemen-

tation by the authors.*

RefCLIPScore RefCLIPScore augments CLIPScore with the maximum similarity between the

generated and reference captions. We again use the official implementation.

D.1.2 Evaluated Captions

We evaluated the following four strong models from the literature as well as human-generated
captions. They share similar pipeline structure but vary in model architecture, (pre)training data,
model size, and (pre)training objective. Evaluating captions from them will enable us to better

understand what has been improved and what is still left to future captioning models.

Up-Down The bottom-up and top-down attention model (Up-Down, Anderson et al., 2018)
performs pipelined image captioning: object detection that finds objects and their corresponding
image regions and crossmodal generation that predicts a caption based on the features from object
detection. The bottom-up attention finds salient image regions during object detection, and the
top-down one attends to these regions during crossmodal generation. Up-Down uses Faster R-
CNN (Ren et al., 2015) and LSTMs (Hochreiter and Schmidhuber, 1997) for object detection and
crossmodal generation respectively. Faster R-CNN is trained with the Visual Genome dataset
(Krishna et al., 2016), and the crossmodal generation model is trained on the MSCOCO dataset.

We generate captions for the test data with a model optimized with crossentropy.”

Unified-VLP Unified-VLP (Zhou et al., 2020b) also runs a pipeline of object detection and cross-
modal generation. Faster R-CNN and the transformer architecture (Vaswani et al., 2017) are used

for object detection and crossmodal generation respectively. Similar to Up-Down, the Faster

4https:/ / github.com /jmhessel / pycocoevalcap.
Shttps:/ /vision-explorer.allenai.org /image_captioning.

171


https://github.com/jmhessel/pycocoevalcap
https://vision-explorer.allenai.org/image_captioning

R-CNN object detection model is trained with the Visual Genome dataset. The transformer gen-
eration model, on the other hand, is initialized with base-sized BERT (Devlin et al., 2019) and
pretrained on the Conceptual Captions dataset (3M images, Sharma et al., 2018) with the masked
and left-to-right language modeling objectives for the captions. The crossmodal generation model
is then finetuned on the MSCOCO dataset. We apply beam search of size 5 to the model with

CIDEr optimization.

VinVL-base, VinVL-large VinVL with Oscar (Li et al., 2020b; Zhang et al., 2021) performs a
similar pipeline of object detection, followed by crossmodal generation. The crossmodal model
is initialized with BERT (Devlin et al., 2019) as in Unified-VLP but uses detected object tags
to encourage alignments between image features and word representations. The object detec-
tion model with the ResNeXt-152 C4 architecture (Xie et al., 2017) is pretrained with ImageNet
(Deng et al., 2009) and trained on 2.5M images from various datasets. The transformer-based
crossmodal generator is initialized with BERT, pretrained with 5.7M images, and finetuned for
MSCOCO captioning. We use VinVL-base and VinVL-large that are both finetuned with CIDEr

optimization® and generate captions with beam search of size 5.

Human In addition to machine-generated captions from the four models, we assessed the qual-
ity of human-generated reference captions from MSCOCO. This will allow us to understand the
performance gap between machines and humans, as well as the quality of crowdsourced cap-
tions. Human-generated captions were created using Amazon Mechanical Turk (Chen et al,,
2015). Crowdworkers were only given the following instructions (Chen et al., 2015):

¢ Describe all the important parts of the scene.

* Do not start the sentences with “There is.”

* Do not describe unimportant details.

* Do not describe things that might have happened in the future or past.

* Do not describe what a person might say.

* Do not give people proper names.

e The sentences should contain at least 8 words.

®https:/ /github.com/microsoft/Oscar /blob /master/ VinVL_MODEL_ZOO.md#Image-Captioning-on-COCO.
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Every image has five human-generated captions, and we randomly selected one for each to
evaluate. We found, however, a non-negligible number of noisy captions in the MSCCOCO
dataset from annotation spammers. We often find subjective adjectives (e.g., very nice/clean/cute)
or words that diverge from inclusive language in reference captions, probably because crowdwork-
ers increased the number of words in captions effortlessly (see the last instruction item that says
captions have to have 8+ words). To better estimate the performance of a human that invests
reasonable effort into the captioning task, we resampled a caption for 13% of the test images,

which would have been given a total score lower than 4.0.

D.1.3 Additional Machine vs. Human Examples

Table D.2 provides an additional example that contrasts machine- and human-generated cap-
tions. All machines generate generic captions and ignore the most important information that a

traditional Thanksgiving dinner is being served on the table.

Image Caption P R Total
10-A: Up-Down

A table that has some food on it. > 2 3

10-B: Unified-VLP 5 9 35
o A table with plates of food on a table. ’
e 10-C: VinVL-base 5 3

\ A red table topped with plates of food and bowls of

food.

10-D: VinVL-large 5 3 4

A table with a turkey and other food on it.

10-E: Human 5 5 5

A table set for a traditional Thanksgiving dinner.

Table D.2: Additional example that contrasts machine- and human-generated captions. Similar to Table
5.5, machine-generated captions ignore the most salient information: Thanksgiving dinner. Note that
this case is specific to North America; such salient information can vary across cultures or languages
(van Miltenburg et al., 2017). None of these captions are penalized for fluency, conciseness, or inclusive
language.
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Chapter E

Supplementary Materials for
Bidimensional Leaderboards: Generate

and Evaluate Language Hand in Hand

E.1 Case Studies of Evaluation Practice

Fig. E.1 depicts breakdowns of evaluation metrics used in the papers on machine translation
and summarization from NAACL and ACL 2021. We examined all papers whose title contains
“machine translation” and “summarization.” We see the clear gap between generation modeling
and evaluation research; most researchers do not take advantage of recent metrics that correlate

better with human judgments.

E.2 Participating Generators
Here we list the generators submitted in the initial BILLBOARDs.

E.21 WMT20 ZH-EN

We use all 16 submissions for the WMT20 ZH-EN task (Barrault et al., 2020)! as well as our own

three transformer baselines that were implemented in fairseqg (Ott et al., 2019). Our baselines

1h’c’cps: / /www.statmt.org/wmt20/results.html.
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Machine Translation Summarization
BLEU ROUGE

+Human

“ (METEOR, TER)+Human BERTScore+Specialized+Human
+METEOR+Human
+(BERTScore, COMET, MoverScore) +BERTScore+QA+Human
+Specialized+Human
+Specialized +QA-+Human
+(BERTScore, MoverScore)
+(chrF, METEOR, ROUGE) +BERTScore+Human

Figure E.1: Breakdowns of evaluation metrics used in the papers on machine translation and summariza-
tion from NAACL and ACL 2021. We examined all papers whose title contains “machine translation”
and “summarization” and disregarded papers primarily on evaluation metrics. “QA” metrics use a QA
system to evaluate summaries (e.g., Eyal et al., 2019). “Specialized” indicates specialized evaluation in a
particular dimension, rather than the overall generation quality, such as document-level evaluations on
contrastive sets (Voita et al., 2019).

allow researchers to compare their translation models without resource-intensive techniques such
as backtranslation (Sennrich et al., 2016a), model ensembling, and deep encoders (Kasai et al.,
2021a). Tables E.1 and E.2 list the hyperprameters. We generally follow the setting from Vaswani
et al. (2017). We use newstest-2019 as the dev. set and the official training data.> We apply
Moses tokenization (Koehn et al., 2007) and BPE with 32K operations (Sennrich et al., 2016b) to
English text. We tokenize Chinese text with the Jieba package,’® following Hassan et al. (2018).
Separately from English, BPE with 32K operations is then applied to Chinese. The decoder input
and output embeddings are tied. Moses detokenization is applied to get the final outputs in the
last step. We make the three models and preprocessed train/dev. data publicly available.* Table
E.3 lists all generators and their automatic evaluation scores from the top-performing metric

(ensemble in this case).

E.2.2 WMT20 EN-DE

Similar to WMT20 ZH-EN, we use all 14 submissions for the WMT20 EN-DE task along with
our three transformer baselines. The same hyperparameters are chosen as in WMT20 ZH-EN
(Tables E.1 and E.2). We preprocess both English and German text by the Moses tokenizer and
joint BPE with 32K operations. All embeddings are shared. We apply the Moses detokenizer to

thtp: / /www.statmt.org/wmt20/translation-task.html.
3https:/ / github.com /fxsjy /jieba.
4h’c’rps: / / github.com/jungokasai/billboard /tree /master/baselines.
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Hyperparameter Value

label smoothing 0.1
# max tokens 4096
dropout rate 0.1
encoder embedding dim 512
encoder ffn dim 2048
# encoder attn heads 8
decoder embedding dim 512
decoder ffn dim 2048
# decoder attn heads 8
max source positions 1024
max target positions 1024
Adam lrate 5x1074
Adam 4 0.9
Adam S, 0.98
Ir-scheduler inverse square
warm-up Ir 1x1077
# warmup updates 4000
# max updates 600K
# GPUs 8
length penalty 0.6

Table E.1: Transformer-base fairseq hyperparameters and setting.

get the final outputs. Table E.4 shows the generators and their automatic evaluation scores from

the top-performing metric (ensemble).

E.2.3 CNNDM Summarization

We submit all 26 models from Fabbri et al. (2021).% Table E.5 shows all models and their automatic

evaluation scores from the top-performing metric (COMET).

E.24 MSCOCO Image Captioning

We submit the four strong models from the literature (Kasai et al., 2022d).> They share similar
pipeline structure but vary in model architecture, (pre)training data, model size, and (pre)training
objective. Table E.6 shows the models with their papers and automatic scores from the top-

performing metric (RefCLIP-S).

Shttps:/ / github.com/ Yale-LILY /SummEval.

6h’c’cps: / / github.com /jungokasai/THumB/tree/master /mscoco.

"Model with CIDEr optmization, https://github.com/microsoft/Oscar/blob/master/VinVL, MODEL_ZOO.md#
Image-Captioning-on-COCO.

8Model with CIDEr optmization.

9Model with cross-entropy optimization, https:/ /vision-explorer.allenai.org/image_captioning.
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Hyperparameter Value

label smoothing 0.1
# max tokens 4096
dropout rate 0.1
encoder embedding dim 1024
encoder ffn dim 4096
# encoder attn heads 16
decoder embedding dim 1024
decoder ffn dim 4096
# decoder attn heads 16
max source positions 1024
max target positions 1024
Adam lrate 5x1074
Adam 4 0.9
Adam S, 0.98
Ir-scheduler inverse square
warm-up Ir 1x1077
# warmup updates 4000
# max updates 600K
# GPUs 8
length penalty 0.6

Table E.2: Transformer-large and transformer-large-ensemble fairseq hyperparameters and setting.
Transformer-large-ensemble ensembles four transformer-large models with different random initializa-
tions.

Generator Description Score
Huoshan Translate Wau et al. (2020a) 78.85
THUNLP Not available 78.81
Huawei TSC Wei et al. (2020) 78.79
DeepMind Yu et al. (2020) 78.76
WeChat Al Meng et al. (2020) 78.75
Tencent Translation Wu et al. (2020b) 78.74
DiDi NLP Chen et al. (2020) 78.66
OPPO Shi et al. (2020) 78.59
Online-B Not available 78.36
SJTU-NICT Li et al. (2020c¢) 78.27
trans-large-ensemble §E.2.1 77.35
trans-large §E.2.1 76.98
Online-A Not available 76.86
trans-base §E.2.1 76.79
dong-nmt Not available 76.74
Online-G Not available 76.44
zlabs-nlp Not available 75.79
Online-Z Not available 75.05

WMT Biomed Baseline Bawden et al. (2020) 73.89

Table E.3: WMT20 ZH-EN generators and reference papers. The score column indicates the score from
the metric that currently correlates best with the human judgments (ensemble).
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Generator Description Score

Tohoku-AIP-NTT Kiyono et al. (2020) 90.50
Tencent Translate Wu et al. (2020b) 90.43
OPPO Shi et al. (2020) 90.42
eTranslation Oravecz et al. (2020)  90.39
Online-B Not available 90.38
Huoshan Translate Wu et al. (2020a) 90.32
AFRL Gwinnup and Anderson (2020) 90.16
Online-A Not available 90.12
UEDIN Germann (2020) 89.98
PROMT NMT Molchanov (2020) 89.66
trans-large §E.2.2 89.60
trans-large-ensemble §E.2.2 89.59
trans-base §E.2.2 89.35
Online-Z Not available 89.26
Online-G Not available 88.98
zlabs-nlp Not available 88.65

WMT Biomed Baseline Bawden et al. (2020)  88.23

Table E.4: WMT20 EN-DE generators and reference papers. The score column indicates the score from
the metric that currently correlates best with the human judgments (ensemble).

E.3 Participating Metrics

Table E.7 discusses details and configurations of the automatic metrics that we implement in our

initial BILLBOARDS.

E.4 Additional Ensemble Metric Ablations

Seen in Table E.8 are ablation studies for the ensemble metrics where one of the three selected
metrics is removed at a time. Dropping one metric often has no impact on the correlation score,

suggesting that these metrics are highly redundant and capture similar aspects of the output

10SAcrREBLEU implementation of sentence-level BLEU-4; https://github.com/mjpost/sacreBLEU/blob/v1.2.12/
sacrebleu.py#L999.

https:/ /pypi.org/project/rouge-score/ .

2https:/ / github.com /mjpost/sacrebleu.

Bhttps: / /www.nltk.org/_modules/nltk/translate/meteor_score.html.

4https:/ / github.com /m-popovic/chrF.

https:/ / github.com /salaniz/pycocoevalcap.

16h’c’cps: / / github.com/rwth-i6/CharacTER.

https:/ / github.com /ThomasScialom /summa-qa.

Bhttps:/ /huggingface.co/metrics/bleurt.

Ohttps:/ / github.com/Unbabel/COMET/.

Dhttps:/ / github.com /thompsonb /prism.

2lhttps:/ / github.com /salaniz/pycocoevalcap.
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Generator Description Score

Lead-3 First 3 sentences -0.011
T5 Raffel et al. (2020) -0.030
BART Lewis et al. (2020) -0.032
Pegasus-dynamic-mix Zhang et al. (2020a) -0.044
RNES Wu and Hu (2018) -0.049
Unified-ext-abs Hsu et al. (2018) -0.056
Pegasus-huge-news Zhang et al. (2020a) -0.056
REFRESH Narayan et al. (2018b) -0.067
ROUGESal Pasunuru and Bansal (2018) -0.073
Human-H Highlights -0.075
NEUSUM Zhou et al. (2018) -0.083
BanditSum Dong et al. (2018) -0.083
LATENT Zhang et al. (2018b) -0.099
Closed-book-decoder Jiang and Bansal (2018) -0.112
Multi-task-Ent-QG Guo et al. (2018) -0.117
Pointer-Generator See et al. (2017) -0.144
UnilLM Dong et al. (2019) -0.151
Bottom-Up Gehrmann et al. (2018)  -0.160
JEC Xu and Durrett (2019) -0.167
Fast-abs-rl Chen and Bansal (2018) -0.189
NeuralTD Bohm et al. (2019) -0.215
Improve-abs Kryscinski et al. (2018)  -0.329
BertSum-abs Liu and Lapata (2019) -0.341
STRASS Bouscarrat et al. (2019)  -0.405
GPT-2-zero-shot Ziegler et al. (2019) -0.441
SENECA Sharma et al. (2019) -0.735

Table E.5: CNNDM summarization generators and reference papers. They are from Fabbri et al. (2021),
but we apply detokenization (Bird et al., 2009) and/or truecasing (Manning et al., 2014) to standardize the
model outputs for better, reproducible evaluations. The score column indicates the score from the metric
that currently correlates best with the human judgments (COMET).

Generator Description Score
VinVL-large’” Zhang et al. (2021) 83.78
VinVL-base®  Zhang et al. (2021) 83.45

Unified-VLP  Zhou et al. (2020b) 82.59
Up-Down’ Anderson et al. (2018)  80.63

Table E.6: MSCOCO image captioning generators and reference papers. The score column indicates the
score from the metric that currently correlates best with the human judgments (RefCLIP-S).

quality. BILLBOARDs encourage researchers to explore ways to diversify automatic evaluations by

updating the ensemble metric every time a new metric is submitted.
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Metric Description Refs. Src. Cont.

BLEU™ Papineni et al. (2002)
ROUGE-3""  Lin (2004)

ROUGE-L Lin (2004)

METEOR Banerjee and Lavie (2005)

TER!? Snover et al. (2006)
METEOR!®  Banerjee and Lavie (2005)
chrF14 Popovié (2015)

CIDEr!® Vedantam et al. (2015)
SPICE Anderson et al. (2016)
CharacTER!® Wang et al. (2016)

chrF++ Popovi¢ (2017)

SummaQA!” Scialom et al. (2019)
BERTScore  Zhang et al. (2020b)
BLEURT'®  Sellam et al. (2020)
COMETY Rei et al. (2020a)
COMET-QE Rei et al. (2020a)
Prism-ref2’ Thompson and Post (2020)
Prism-src Thompson and Post (2020)
CLIP-S% Hessel et al. (2021)
RefCLIP-S Hessel et al. (2021)
RefOnlyC Kasai et al. (2022d)

NAXXIUXSNSNSIX NNSNSNANNSNASNANNNS
MU N WX NN X XN XX XX X X X X X X X
NAONAARNREKNSNS SN ™ ™™™ XX X X X X X

Table E.7: Automatic metrics and their reference papers. The refs., src.,, and cont. columns indicate
whether they use references, input source features, and pretrained contextual representations (e.g., BERT;
Devlin et al., 2019), respectively.

E.5 Additional Mixed-Effects Analysis

Table E.9 presents fixed-effect coefficients that measure how much each automatic metric overrates
machines over humans (§6.2.3). With some exceptions in CNNDM summarization, almost all
automatic metrics underrate human generations (significantly positive coefficients). Table E.10
swaps the roles of human-generated text, but we still see similar patterns: almost all metrics
overrate machines over humans, but the problem is mitigated in COMET-QE, a referenceless,
quality estimation metric. This confirms that our findings hold independently of the design

choice.

E.6 Crowdworker vs. Rubric-based Expert Evaluations

Seen in Table E.11 are examples where crowdworker evaluators (Barrault et al., 2020) and profes-

sional translators (Freitag et al., 2021) disagree: crowdworkers give lower scores to the human-
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COMET COMET-QE BLEURT

ZH-EN

0.61 0.61 0.57 0.61
EN-DE - COMET COMET-QE Prism-ref

0.51 0.52 0.52 0.52

CNNDM COMET COMET-QE BERTScore
0.29 0.23 0.31 0.31
- R 1P- R 1 |

COCo efCLIP-S efOnlyC CIDEr

0.45 0.44 0.42 0.43

Table E.8: Correlations from ensemble ablation studies. One of the three selected metrics is removed at a
time, and a new Lasso regression model is trained on the remaining metrics. The bigger the correlation
drop is, the bigger the contribution is from the removed metric. COMET-QE is a referenceless metric.

generated translations than the machine-generated ones. The first case requires document-level
context to properly evaluate. Document-level context and diversity in high-quality human trans-

lations can mislead crowdworkers.
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COMET-QE Ensemble COMET BLEURT BERTScore CharacTER MoverScore METEOR
01341001 0264001 0271002 0324002 0524002 0564002 05741002  0.57100

ZH-EN Prism-ref chrF TER chrF++ ROUGE-3 BLEU  ROUGE-L Prism-src
0581002 0581002 0591002 0.601002  0.611002  0.621002  0.641002  1.131002
COMET-QE Ensemble COMET MoverScore chrF chrF++ BLEU  CharacTER

EN-DE —0.174002 0.031002 0.081002 0221003 0294002 0321002 0331003  0-3310.03

BERTScore Prism-ref TER Prism-src
0431002 0444002 0491003 1.464003

TER COMET Ensemble BERTScore MoverScore COMET-QE CharacTER BLEURT
—0.581014 —0.175012 —0.161012 —0.044012 —0.034011 0.025011 0144015 0255012
SummaQA ROUGE-L BLEU Prism-ref chrF chrF++ ROUGE-3 METEOR

0274010 0331013 0371011 0384012 0434013 0454013 0491011 0334012

CNNDM

CLIP-S RefCLIP-SCharacTER  chrF ROUGE-3  chrF++  RefOnlyC Ensemble
—0.044005 0.094006 0131007 0181007 0224007 0231007 0245006 0241006
SPICE METEOR BLEU CIDEr ROUGE-L BERTScore TER MoverScore
0251007 0321007 0391007 0431006 0441007 0451006 0451007  0.511005

COCO

Table E.9: Fixed-effect coefficients By from the linear mixed-effects analysis that measures how much
automatic metrics overrate machine text over human, as compared to human raters (§6.2.3). fo = 0 is
neutral, and statistical significance is indicated by red (positive) or blue text (negative). The subscripts in-
dicate 90% confidence intervals. COMET-QE, Prism-src, SummaQA and CLIP-S are referenceless metrics.
In both WMT20 ZH-EN and WMT20 EN-DE, Human-B is evaluated as human-generated translations.
Human-A (WMT20 ZH-EN) and Human-A and Human-P (WMT20 EN-DE) are used as the reference set
for reference-based metrics.

COMET-QE Ensemble COMET BLEURT TER BERTScore ROUGE-3 Prism-ref
0031001 0.071001 0.081002  0.091002 0234002 0244002 02440020 025100
CharacTER ROUGE-L  chrF MoverScore METEOR  chrFpp BLEU Prism-src
0254002 0261002 0271002 02710020 0294002 0294002 0301002 0791002

ZH-EN

COMET-QE Ensemble COMET MoverScore Prism-ref chrF BERTScore CharacTER

—0.0940020 —0.071002 -0.064003 0.024002 0.18:002 0204002 02141002  0.224002
chrF++ BLEU TER Prism-src

0224002 0234002 0324002  1.384003

EN-DE

Table E.10: Fixed-effect coefficients By from the linear mixed-effects analysis that measures how much
automatic metrics overrate machine text over human, as compared to human raters (§6.2.3). The roles of
human translations are swapped: Human-A is evaluated, and Human-B (WMT20 ZH-EN) and Human-B
and Human-P (WMT20 EN-DE) are used as the reference. We still see similar patterns to Table E.9: almost
all automatic metrics overrate machines over humans, but the problem is less severe in the referenceless
metric of COMET-QE.
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WMT20 ZH-EN

Source E%%fﬁ%%ﬁﬁ BT B 3 BE R 5%

Huoshan It is hoped that Xing’an Province will con-
tinue to provide convenient conditions for
Belarusian enterprises.

Human-A He hoped that Hung Yen Province would
continue to provide convenient conditions
for Belarusian enterprises.

Human-B  He hoped that this could continue in the fu-
ture.

=S INTETHIS R ETE

It is based on the current situation of
the camera.

This relies on the ability to seize op-
portunities.

It is based on the observation of vari-
ous situations at different times.

Table E.11: Examples where crowdsource evaluators (Barrault et al.,, 2020) and professional translators
(Freitag et al., 2021) disagree: crowdworkers give lower scores to the human-generated translations than
the machine-generated ones. The first case requires document-level context to properly evaluate. >%%4 is
Hung Yen Province in Vietnam in this context, but there is entity ambiguity. (Xing’an Province that existed
in the Republic of China.) The second one illustrates the diversity of human generations that misleads

crowdworkers.
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