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Figure 4.C.2: Example of human evaluation task in part 3 – Example continues on the

next page.
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Figure 4.C.2: Example of human evaluation task in part 3 – Example continued from

previous page and continues on the next page.
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Figure 4.C.2: Example of human evaluation task in part 3. These are screenshots –

Example continued from previous page. Summaries have a larger font in the actual

task, so they are more readable for workers.
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CNN’s Jonathan Mann

What 
happens recalls the day the Iron Curtain fell  

What

Line between Soviet-dominated 
Eastern Europe and nations 
of the west

When untill 1988 When November

What 
happened

East Germans began 
seeking refuge in Prague 
in the summer of 1989

(a) Human-labeled summary.

The Iron curtain

What 
happened fell

CNN’s John Defterios

What 
happens

recalls the fall of the Cold War as a young traveling correspondent 

What 
happens

says he was amazed at how quickly it was toppled 

What 
happens

recalls seeing thousands of East Germans escape from the Soviet-dominated Eastern Europe 

(b) BART-Large + Snorkel

The Iron curtain

What 
happened fell

(c) BART-Large + DieGIE++

Figure 4.C.3: Examples of summaries with graphical elements generated by different

methods.
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New astronomy software

creates the first accurate visions 
of other worlds - including what Earth 
looked like 240 million years ago

What first software that 'renders' 3D worlds 
based on what we know

What 
happens

draws worlds based on their size, 
chemistry and distance from star

can render our Earth from historical data

What 
happens

What 
happens

(a) Human-labeled summary.

Nasa

What 
happened gets it wrong 

Scientist

What 
happened

creates 3d models of earth-like planets based on data from space telescopes

Abel Mendez of the University of Puerto Rico at Arecibo

What

Mendez’s has designed a software package

What 
happens

(b) BART-Large + Snorkel

Nasa

What 
happened gets it wrong 

Mendez
Who

Mendez’s

The University of Puerto Rico at Arecibo

What 
happens

has designed a software package

(c) BART-Large + DieGIE++

Figure 4.C.4: Examples of summaries with graphical elements generated by different

methods.
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H I G H - R E S O U R C E

M E T H O D O LO G I C A L B I A S I N
LO W- R E S O U R C E

I N V E S T I G AT I O N S

So far we have focused on English as the language for our modeling efforts in
this thesis. This limits the human-centered approach that we have been advo-
cating throughout this thesis. In this chapter, we shift our focus to languages
that have fewer available resources. The central bottleneck for low-resource
NLP is typically regarded to be the quantity of accessible data, overlooking
the contribution of data quality. This is particularly seen in the development
and evaluation of low-resource systems via downsampling of high-resource
language data. In this chapter1 we investigate the validity of this approach, as
we answer the fourth research question of this thesis:

Research Question 4: How are low-resource investigations in NLP biased by high-
resource approaches?

In answering this research question, we specifically focus on two well-known
NLP tasks for our empirical investigations: POS-tagging and machine trans-
lation. We show that downsampling from a high-resource language results
in datasets with different properties than the low-resource datasets, impacting
the model performance for both POS-tagging and machine translation. Based

1 This chapter is based on (ter Hoeve et al., 2022a).
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on these results we conclude that naive downsampling of datasets can result
in a biased view of how well models trained on these downsampled datasets
work in a low-resource scenario.

5.1 introduction

The field of natural language processing (NLP) has experienced substantial
progress over the last few years, with the introduction of neural sequence-to-
sequence models (e.g., Kalchbrenner and Blunsom, 2013; Vaswani et al., 2017)
and large, pre-trained transformer based language models (e.g., Devlin et al.,
2019; Brown et al., 2020). Despite their impressive performance, these mod-
els require a lot of training resources, which are not always available. Ap-
proaches specifically targeted towards low-resource scenarios try to address
this issue (e.g., Agić et al., 2016; Plank and Agić, 2018; Zhu et al., 2019; Bai
et al., 2021). Resource scarcity manifests itself in various ways, such as a lack
of compute power (e.g., Hedderich et al., 2020) or a lack of (labeled) training
data (e.g., Adelani et al., 2021). In this work we focus on the latter.

Whether or when a scenario or language should be considered as ‘low-
resourced’ has been a topic of debate (e.g., Bird, 2022). In this work, we add to
this discussion by highlighting that many low-resource approaches have been
grounded in high-resource scenarios, as has also been noted previously (e.g.,
Kann et al., 2020). This is problematic from a cultural or sociolinguistic per-
spective (e.g., Hämäläinen, 2021; Bird, 2022), as well as from a methodological
perspective (e.g., Kann et al., 2020). Although both perspectives are arguably
intertwined, we mostly focus on the latter in this work.

For example, a popular approach to develop and evaluate low-resource sys-
tems is to downsample uniformly from a high-resource language to simulate
a low-resource scenario (e.g., Fadaee et al., 2017; Araabi and Monz, 2020;
Chronopoulou et al., 2020; Ding et al., 2020; Kumar et al., 2021). The moti-
vations for this setup are often justifiable, for example if used to investigate the
effect of the dataset size, or because low-resource data is hard to obtain. How-
ever, we do believe that there are two potential issues with this downsampling
approach that should be carefully considered.

First, a large dataset is potentially richer in content than a small dataset, for
example in terms of the number of domains or styles. That is, the total vocab-
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ulary size is expected to be larger for a large dataset. When downsampling,
this would cause a mismatch between the downsampled dataset and the real
low-resource scenario, potentially affecting the scores on the task at hand.

Second, when collecting datasets, we are often faced with a quality-quantity
trade-off. On one end of the spectrum we find examples of high quality, low-
resource datasets, that are carefully constructed for a specific task (e.g., ter
Hoeve et al., 2020; Adelani et al., 2021; ter Hoeve et al., 2022c). Obtaining high
quality data points is costly, and thus, once the dataset size increases, a differ-
ent trade-off has to be made (e.g., Caswell et al., 2020; Luccioni and Viviano,
2021).2 The quality and usefulness of these large datasets stem from their size,
but not necessarily from the quality of individual data points (Kreutzer et al.,
2022). Downsampling from such a dataset can cause the obtained sample to be
of lower quality than expected in a truly low-resource scenario. This also links
our work to active learning (Cohn et al., 1996) and curriculum learning (Ben-
gio et al., 2009), which focus on finding the most helpful data points during
training.

More theoretically, we can summarize these two issues by taking a look at
the estimation error that is optimized during training, typically in the form of
a cross-entropy loss:

L(θ; D) = − 1
|D| ∑

y∈D
PD(y) log PM(y|θ), (5.1)

in which D refers to the data, M to the model, y to the prediction and θ to the
model parameters. Uniformly downsampling to the same size as the simulated
low-resource dataset deals with the 1/|D| term, but it does not account for
the fact that D itself is different in the low- and high-resource setting. This
mismatch is also referred to as the proxy fallacy (Agić and Vulić, 2019).

In this work we investigate the effect of simulating a low-resource scenario
by taking a uniform downsample from a high-resource setting in the context of
two well-known NLP tasks: part-of-speech (POS)-tagging and machine transla-
tion (MT). We empirically find evidence for both issues raised above: (i) down-
sampling from a high-resource scenario increases the richness of the vocabu-
lary of the sample, and (ii) the quality of the high-resource dataset is sometimes
lower than the low-resource variant. Thus, our work serves as a reminder to be

2 This trade-off can also affect the quality of the collected low-resource data in large multilingual
datasets (Kreutzer et al., 2022).
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careful when simulating low-resource scenarios by uniformly downsampling
from a high-resource dataset.

5.2 related work

Here, we discuss the definition of ‘low-resource’, low-resource approaches in
NLP, and different training strategies.

5.2.1 On the Definition of ‘Low-Resource’

Despite the amount of work on low-resource languages, or low-resource sce-
narios, it is hard to find a definition of when a scenario, or even a language,
counts as low- or high-resource. It seems questionable to call a language low-
resourced if it is spoken by millions of people who communicate in oral and/or
written form in that language (e.g., Hämäläinen, 2021; Bird, 2022). In this work
we follow the implicit definition as used in previous work (e.g., Zhu et al., 2019;
Hedderich et al., 2021): we compare languages with different amounts of writ-
ten data available, which is mainly indicated by the availability of the datasets
that we use.

5.2.2 Low-Resource Approaches in NLP

With the recent surge of work on NLP systems that require a lot of resources
(e.g., Devlin et al., 2019; Brown et al., 2020; Chowdhery et al., 2022), the ques-
tion of designing systems that also work in a low-resource scenario has re-
ceived a lot of attention. We refer to Hedderich et al. (2021) for a recent survey.
Although there are many examples of approaches that ground themselves in a
‘truly’ low-resource scenario (e.g., Plank et al., 2016; Kann et al., 2020; Adelani
et al., 2021), there are also many examples of approaches where assumptions
are made that are more plausible in higher resource scenarios (e.g., Li et al.,
2012; Gu et al., 2018; Ding et al., 2020; Liu et al., 2021b). For example, Kann
et al. (2020) investigate the POS-tagging performance when no additional re-
sources, like manually created dictionaries, are available, and they find that
performance drops substantially. Our work focuses on the validity of the com-
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mon approach to simulate a low-resource scenario by randomly downsampling
from a higher resource dataset (e.g., Gu et al., 2018; Chronopoulou et al., 2020;
Dehouck and Gómez-Rodríguez, 2020; Kumar et al., 2021; Park et al., 2021;
Zhang et al., 2021a). We investigate the biases that occur in the dataset statistics
of the downsample, and how training on such downsampled datasets affects
model performance.

5.2.3 Different Learning Strategies

Different learning strategies have been proposed to optimally make use of avail-
able data. Curriculum learning (CL) (Bengio et al., 2009) is motivated by the
idea that humans learn best when following certain curricula. For example, one
effective curriculum is to learn new things in increasing order of difficulty. CL
aims at finding similar curricula for artificial model training, by finding mean-
ingful orders in which to present data to a model, such that the model learns
more effectively. Some studies report improved results when using CL (Xu
et al., 2020a; Chang et al., 2021; Zhang et al., 2021b), whereas for other studies
CL does not seem to help yet (e.g., Liu et al., 2019; Rao Vijjini et al., 2021).

Active learning (AL) (Cohn et al., 1996) is a related learning strategy, in
which a model actively selects the data that it can most effectively be trained
on at different points during training, for example based on its uncertainty for
certain data points. As such, AL has often been used as an effective way to
decide which data points to label in an unlabeled dataset (e.g., Reichart et al.,
2008; Xu et al., 2018; Ein-Dor et al., 2020; Chaudhary et al., 2021).

5.3 empirical investigation

We empirically investigate downsampling from a high- to a low-resource sce-
nario on two well-known NLP tasks: POS-tagging and machine translation.
Both tasks are also popular low-resource tasks (e.g., Hedderich et al., 2021;
Haddow et al., 2022) for which downsampling strategies have been used (e.g.,
Irvine and Callison-Burch, 2014; Ding et al., 2020; Kann et al., 2020; Araabi
and Monz, 2020), making them suitable for our investigation. Moreover, POS-
tagging is especially suitable, as the task is relatively quick and straightforward,
giving us a good starting point. We found downsampling approaches to be es-
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pecially prominent in the MT literature (e.g., Irvine and Callison-Burch, 2014;
Fadaee et al., 2017; Ma et al., 2019; Araabi and Monz, 2020; Kumar et al., 2021;
Xu et al., 2021), making it a natural task for our investigation. Our work serves
as a good start to investigate other tasks in the future. For each task we investi-
gate the effect of downsampling on the dataset statistics, and on the modeling
performance.

We emphasize that our goal is to get a general understanding of the effect of
simulating a low-resource scenario by randomly downsampling from a high-
resource scenario. Therefore, we also keep our investigation general. That is,
we use default versions of state-of-the-art models for both tasks, instead of
versions that are fully optimized to get the highest possible scores. We also
explicitly do not dissect individual papers in which downsampling is used.
This is not the goal of this work, and we believe that there can be good reasons
to use downsampling, as discussed in Section 5.1. Instead, we aim to provide
useful insights that can be taken into consideration in future work.

5.3.1 POS-tagging

Briefly, POS-tagging is the task of assigning grammatical parts of speech, such
as nouns, verbs, etc., to tokens in the input text. We use the Universal Depen-
dencies (UD) dataset (see Marneffe et al. (2021)) for our experiments.

Data Description

The Universal Dependencies project3 consists of treebanks for over a hundred
languages (Marneffe et al., 2021), with varying amounts of resources. Lan-
guages are labeled with morphosyntactic labels, such as dependency tags and
POS-tags. We only make use of the POS-tags.

Effect of Downsampling on Dataset Statistics

First, we downsample datasets from several high-resource languages, until
they have the same size as the lower resource language datasets in the UD.
We determine size based on the number of tokens or sentences. To investigate
whether tokens in different languages can be equally compared from a typo-

3 Website: https://universaldependencies.org/, Github: https://github.com/

UniversalDependencies.

https://universaldependencies.org/
https://github.com/UniversalDependencies
https://github.com/UniversalDependencies
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logical point of view, we start with a typological inspection of the languages in
the UD collection.

Typological considerations. Languages differ from each other in their mor-
phological complexity, for example in their morpheme per word ratios (Baker
et al., 2012). Although subject to some debate, this can be described as the dif-
ference between analytic and synthetic languages.4 Analytic languages have
a low morpheme per word ratio, as opposed to synthetic languages. Within
the synthetic category, one can differentiate between agglutinative and fusional
languages, depending on how well single morphemes can be distinguished.

To the best of our knowledge, there is no easily accessible, exhaustive list
that categorizes the languages in the UD as either analytic or synthetic, and
thus we use two proxies. First, we use the inflectional synthesis of the verb as
reported by the WALS (Bickel and Nichols, 2013),5 which measures the number
of inflectional categories per verb in different languages. To do so, it uses the
‘most synthetic’ form of the verb. WALS defines 7 categories, ranging from
0-1 till 12-13 categories per word. We label all UD languages included in the
WALS. Second, if a Wikipedia page with information about the language type
exists, we use this as a proxy to label the corresponding UD language.

Motivated by the idea that the language type might affect the tokenization
quality, we compute the average ratio between the unique number of tokens
and the total number of tokens for the labeled languages (Table 5.1). We only
find a significant difference between the agglutinative and analytic languages
(t = −2.20, p = 0.04). Agglutinative languages have more unique tokens per
total of tokens, so they could be harder to tokenize. However, as we will see
next, even if we downsample from an analytic language like English, we end
up with a larger vocabulary size in the majority of samples.

Investigation of data statistics. With these typological considerations in mind,
we now proceed to investigate the effect of downsampling on the dataset statis-
tics. The UD provides an excellent testbed for our inspection, as the datasets of
the included languages are of different sizes. First, we filter them on a number
of criteria:

1. We only include non-extinct languages;

4 There are also still other categories, like isolating languages. As we simply base ourselves on
the morpheme per word ratios for our analysis, we leave these out for simplicity.

5 https://wals.info/chapter/22

https://wals.info/chapter/22
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Table 5.1: Average ratio of vocabulary size per total number of tokens for different

language types.

Category Count Avg ratio

W
A

LS

0 − 1 1 0.12±0.00

2 − 3 6 0.12±0.07

4 − 5 10 0.09±0.05

6 − 7 5 0.18±0.10

W
ik

i Analytic 9 0.11±0.03

Agglutinative 22 0.22±0.15

Fusional 4 0.10±0.05

2. We only include languages that have a POS-tagged dataset available on
the UD Github page;

3. For some corpora, tokens are not released but marked by an underscore.
We filter these out;

4. Some languages have multiple corpora that are very similar, but some-
what differently tagged. We filter these corpora to avoid duplication.

Based on these selection criteria, we arrive at a total of 100 languages.6 We
select the five highest resource languages in the UD: Czech, French, German,
Icelandic, and Russian. We also include English, as it is often used to down-
sample from and still one of the higher resourced languages in the UD.

Next, we randomly downsample each of these high-resource languages to
the size of the remaining lower resource languages. We compute size based on
the number of tokens and number of sentences. We report the results based on
the number of tokens in the main body of this chapter.

We investigate how downsampling affects the vocabulary size by computing
the difference in vocabulary size between the downsampled dataset and its re-
spective low-resource dataset. We normalize by the number of tokens in the
low-resource dataset, to make a fair comparison. We plot the results of this
analysis in Figure 5.1. In this plot, a positive number indicates that the vocab-
ulary size of the downsample is larger than the original low-resource dataset,
whereas a negative number indicates the opposite. In line with our intuition

6 We refer to the appendix in (ter Hoeve et al., 2022a) for an exhaustive overview.



5.3 empirical investigation 121

from Section 5.1, we find that downsampling indeed results in a larger vocab-
ulary in the vast majority of cases. We find the same effect for downsampling
based on number of sentences (Appendix 5.A, Figure 5.A.1). For this setting
we also find that the downsampled corpora mostly contain more tokens than
their originals (Appendix 5.A, Figure 5.A.2).

Effect of Downsampling on Model Training

Having shown that downsampling from a higher resource dataset often results
in a larger vocabulary than that of the original lower resource language, we
now investigate the effect of vocabulary size on the modeling performance for
POS-tagging. In line with most related work, we fully focus on English as
our high-resource language. We sample a number of smaller datasets from
the English UD. Each of these samples has the same number of sentences, but
they differ in vocabulary size. To achieve this, we use a greedy approach for
the downsampling: we shuffle all sentences and greedily add sentences until
we have the desired vocabulary size and the desired number of sentences.7

We construct training datasets of 1,000 sentences each, for three vocabulary
sizes: 1,000, 2,000 and 3,000 tokens. We limit the validation sets to the same
vocabulary as the training set, and use the original test set in order to be able
to compare different settings equally. We sample each of these settings five
times, for five different random seeds.

Next, we use these sampled datasets to model the POS-tagging task, for
which we use the standard POS-tagging setup from the FlairNLP library.8 We
use FlairNLP’s implementation of a sequence-to-sequence tagger, which de-
faults to a bidirectional RNN-CRF.9 We compare three word embedding types:
(i) word2vec embeddings (Mikolov et al., 2013) that we train from scratch on
our training sets, (ii) pre-trained Glove embeddings, and (iii) pre-trained BERT
embeddings. For the latter two we use the implementation from FlairNLP, for
the word2vec embeddings we use Gensim.10 This setting is most realistic, as it

7 We also experimented with token-based downsampling, but did not find a good trade-off
where the vocabulary size increased, whereas the number of tokens stayed the same. We also
experimented with different sampling strategies, which did not change our findings.

8 https://github.com/flairNLP/flair/blob/master/resources/docs/TUTORIAL_7_TRAINING_

A_MODEL.md

9 https://github.com/flairNLP/flair/blob/master/flair/models/sequence_tagger_model.

py, 25M-125M parameters, depending on the embedding type.
10 https://github.com/RaRe-Technologies/gensim

https://github.com/flairNLP/flair/blob/master/resources/docs/TUTORIAL_7_TRAINING_A_MODEL.md
https://github.com/flairNLP/flair/blob/master/resources/docs/TUTORIAL_7_TRAINING_A_MODEL.md
https://github.com/flairNLP/flair/blob/master/flair/models/sequence_tagger_model.py
https://github.com/flairNLP/flair/blob/master/flair/models/sequence_tagger_model.py
https://github.com/RaRe-Technologies/gensim
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Table 5.2: POS-tagging scores for different vocabulary sizes, while keeping the number

of sentences equal. We report macro F1-scores for different word embeddings. Sents

= Sentences. Toks = Tokens.

Macro F1

Vocab size Nr Sents Nr Toks Word2Vec Glove BERT

1,000 1,000 7,235.75±174.485 0.328±0.021 0.743±0.005 0.921±0.003

2,000 1,000 11,252.0±227.885 0.350±0.024 0.773±0.005 0.937±0.003

3,000 1,000 14,867.2±292.534 0.360±0.006 0.778±0.010 0.940±0.005

is the only embedding type that is trained without access to another dataset
or model. As low-resource work sometimes still makes use of these large
pre-trained models, we include them for completeness. Moreover, a model
like English BERT has been shown to be relatively multilingual (Pires et al.,
2019). Table 5.2 gives the results.11 We give additional micro F1-scores in Ap-
pendix 5.A.1, Table 5.A.1. We find that model scores increase when the vocab-
ulary size increases.12 In line with our downsampling analysis in the previous
section, we find that the total number of tokens also increases. Unsurprisingly,
we find that pre-trained word embeddings substantially outperform our own
word2vec model.

Summarizing, in our POS-tagging investigation we find that downsampling
from high-resource languages often results in a larger vocabulary size, and
that a larger vocabulary size positively affects the scores on the POS-tagging
task, in our settings for English. This is in line with the first issue that we
raised in Section 5.1. We take our results on the POS-tagging experiments as a
first strong indication that one needs to be careful with naive downsampling,
as we already find differences in the current, still limited, scenario. Naturally,
our findings raise many follow-up questions regarding the effects for different
settings, such as for different domains, languages, or tasks. Therefore, we shift
our focus to another task that is often the focus of low-resource investigations:
machine translation.

11 For the setting with a vocabulary size of 1,000 we had to remove the results of one of the seeds,
as it did not find enough sentences.

12 We also find that the scores for a vocabulary size of 2,000 and 3,000 tokens are similar, although
the average for 3,000 is higher.
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5.3.2 Machine Translation

Machine translation aims at translating text from a source to a target language.
Machine learning systems address this task primarily by learning from bilin-
gual documents with corresponding human translations (Koehn, 2020). These
systems have shown substantial progress in recent years (e.g., Barrault et al.,
2019; Barrault et al., 2020a; Akhbardeh et al., 2021) and have been applied to
a growing number of language pairs (e.g., Platanios et al., 2018; Costa-jussà
et al., 2022). We use the WMT datasets (see Akhbardeh et al. (2021)) for our
experiments.

Data Description

The WMT is a collection of datasets for research on machine translation belong-
ing to the WMT shared tasks, which were first organized in 2006 (Koehn and
Monz, 2006). The first WMT collection consisted of three European language
pairs: English-German, English-French and English-Spanish. The WMT shared
tasks have been expanded each year, with additional translation pairs for the
original language pairs, and with additional data for new language pairs and
tasks (Callison-Burch et al., 2007; Callison-Burch et al., 2008; Callison-Burch et
al., 2009; Callison-Burch et al., 2010; Callison-Burch et al., 2011; Callison-Burch
et al., 2012; Bojar et al., 2013; Bojar et al., 2014; Bojar et al., 2015; Bojar et al.,
2016; Bojar et al., 2017; Bojar et al., 2018; Barrault et al., 2019; Barrault et al.,
2020a; Akhbardeh et al., 2021). An especially large jump in resources was made
in 2017. This gives us a unique opportunity to test the effect of downsampling.
In our investigation we treat the early versions of the WMT as low-resource
setting, and later versions of the WMT as high-resource setting. We focus on
the English-German translation pairs.

Effect of Downsampling on Dataset Statistics

To explore the effect of downsampling on the dataset statistics, we use the
WMT 2014 German-English dataset (WMT14) as our low-resource dataset, and
the 2018 version (WMT18) as our high-resource dataset. We focus on the
English-German translation task. We apply two types of downsampling: sent-
ence- and token-based. For the sentence-based setting we shuffle the WMT18,
and sample the same number of sentences as in the WMT14. For the token-
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based setting, we shuffle the WMT18, and greedily add sentences until we
reach the same number of tokens as in the WMT14.

We plot the downsampling effect in Figure 5.2. These plots reflect the WMT
train sets over different years. We focus our investigations on WMT14 and
WMT18, but plot all years from 2013 till 2019 for reference. The last two light
green bars show the two downsampled datasets. If we downsample based
on sentences (first light green bar right to the dotted line), we find that the
number of tokens decreases, whereas the vocabulary size increases. If we down-
sample based on tokens, both the number of sentences and the vocabulary size
increase.

We also qualitatively inspect the vocabulary distributions. In Appendix 5.A,
Figure 5.B.1 we plot the 100 most frequent words in each dataset that we com-
pare. We find that there are quite a few differences, especially in the second
half of the plot.

Effect of Downsampling on Model Training

Next, we investigate the effect of downsampling on model training. To this
end, we train and evaluate transformer sequence-to-sequence models (Vaswani
et al., 2017) in different data settings. We use the Flax transformer code,13 and
only adapt the data pipeline to be able to work with our downsampled datasets.
We train these models on 8 A100 GPUs on the standard WMT14 and WMT18

train sets, and on our two downsampled datasets (token- and sentence-based).
We test on the WMT14 and WMT18 test sets (i.e., newstest data (Barrault et al.,
2020b)). We report the scores in Table 5.3.

A few observations stand out. First, the models trained on downsampled
versions of the WMT18 score lower on the WMT18 test set than the model
trained on the original WMT18 dataset. This is as expected, if we assume
that the additional WMT18 data would lead to better results. We also find
that training on WMT14 and testing on WMT18 leads to higher scores than
testing on the WMT14 test set. This is remarkable, but in line with earlier find-
ings (Edunov et al., 2018). Finally, we observe that the models trained on the
downsampled WMT18 datasets perform worse on the WMT14 test set than the
models trained on the WMT14 dataset itself, in contrast to our findings for the
POS-tagging experiments. For the MT experiments, having a richer vocabulary
does not seem to help performance. We hypothesize that this can be explained

13 https://github.com/google/flax/tree/main/examples/wmt, 213M parameters

https://github.com/google/flax/tree/main/examples/wmt
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by the quality of the WMT18 datasets, i.e., the second issue that we raised
in Section 5.1. As shown in Figure 5.2, the amount of data increased heavily
in 2017, mostly driven by the inclusion of the Paracrawl data source (Bañón
et al., 2020). This data source is known to be noisy, and people have worked
on filtering it (e.g., Junczys-Dowmunt, 2018; Aulamo et al., 2020; Zhang et al.,
2020a).

To add to the data quality investigation, we count how many words occur N
times in each dataset, normalized by the total number of words in the dataset.
If a dataset contains many words that only occur once, this indicates that it
contains more noise (such as links) than datasets with fewer single occurring
words. We plot the results in Figure 5.3. WMT18 contains more single occur-
ring words than WMT14, an indicator that the average quality of the WMT18

dataset is indeed lower, negatively impacting our downsampled experiments.

Summarizing, for our MT experiments we find that downsampling also in-
creases the vocabulary size, in line with our hypothesis and with our findings
for the POS-tagging experiments. We also find that the downsampled datasets
did not increase the translation performance, which can be explained by the
lower quality of the high resource data.

5.4 discussion

We found evidence for both issues that we raised regarding simulating a low-
resource scenario by randomly downsampling from a high-resource language.
A downsampled dataset is likely a poor proxy for a low-resource scenario. On
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Table 5.3: BLEU scores for MT models trained and tested on different (downsampled)

train and test sets.

Train

WMT 14 18 ds-sent-18 ds-tok-18
Te

st 14 32.62 32.12 29.37 30.23
18 41.49 39.70 37.66 38.20

the one hand, such a downsampled dataset can cover a wider vocabulary range
than a low-resource dataset, resulting in higher scores. On the other hand, the
high-resource dataset might be less carefully constructed than is needed for a
low-resource scenario, causing noise in the downsample, eventually leading to
lower scores. In this section we reflect on these findings. We hope that our
work serves as additional evidence for the proxy fallacy. Being aware of this
fallacy puts individual researchers and the field as a whole in a better position.

The best strategy for low-resource investigations is to use truly low-resource
data, whenever possible. There are many examples that do this, or in which
downsampled high-resource data is only used for additional experiments (e.g.,
Kann et al., 2020; Kumar et al., 2021; Adelani et al., 2021). For situations in
which using truly low-resource data is not an option, for example because
the required data is simply not available, we first want to echo Hedderich
et al. (2020). They show that large improvements can be obtained by only
labeling a few data points. We believe that we can use recommendations from
active learning and curriculum learning to choose which data points are best
to label, and hope to experiment with this question in future work. If labeling
additional data points is not an option, and one is truly bound to simulating
a low-resource scenario by downsampling from a high-resource dataset, one
needs to be aware of the biases that we found in this work. A downsampled
dataset is likely not a good reflection of the low-resource setting, which can
result in scores that are either too high (because of the richness of the data) or
rather too low (because the high-resource data may be of insufficient quality).
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5.5 limitations

Throughout this work we flagged some of the limitations of our approach. In
this section we summarize these in more detail, to help future investigations.

The datasets. In this work we concentrated on corpora from two data sources:
the UD and the WMT. Although this is a good start and these datasets are a
good fit for our investigation, we hope that future work investigates different
corpora, to get an even better understanding of the effect of uniform downsam-
pling.

The tasks. The same holds for the types of tasks that we chose. Although we
believe POS-tagging and MT to be a good start, future work should investigate
different tasks to be able to form a more general understanding.

5.6 ethical statement

In this work we developed an understanding of the effect of simulating a low-
resource language by downsampling uniformly from a high-resource language.
By pointing out biases that may occur, we hope to have raised awareness for
this issue, making follow-up work on low-resource languages more inclusive.
However, there are around 7,000 languages world-wide, of which we have only
been able to cover a few.

5.7 conclusion

In this chapter we answered the fourth research question of this thesis, as
we investigated the validity of simulating a low-resource scenario by down-
sampling from a high-resource dataset. We argued that this process might
be a poor proxy for a truly low-resource setting, for two reasons: (i) a high-
-resource dataset might be much richer in content than a low-resource dataset,
and (ii) the high-resource dataset might be of lower quality than a low-resource
dataset that was carefully crafted. We empirically studied this on two well-
known NLP tasks: POS-tagging and machine translation. Our investigation
showed that uniform downsampling is indeed a poor proxy in these two sce-
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narios, and we found evidence for both hypothesized reasons. As such, our
work serves as a warning for work in low-resource domains. Our work also
serves as a starting point to formalize best practices to grow datasets, and to
more reliable simulations of low- to high-resource settings. This is also related
to questions regarding external and ecological validity (Andrade, 2018). In fu-
ture work, we plan to expand our analysis to more tasks and more languages.

In the next chapter we continue in a new direction, as we leave the user-
centered focus somewhat behind us. Instead, we take a more linguistically
inspired approach to language modeling.



C H A P T E R A P P E N D I X

5.A additional plots pos-tagging experiments

In this section we give additional results for the POS-tagging experiments (Sec-
tion 5.3.1). We give additional results for downsampling based on number of
sentences in Figure 5.A.1 and Figure 5.A.2.

5.a.1 Additional micro F1-Scores for POS-tagging Experiments

In Table 5.A.1 we give additional Micro F1 scores for the POS-tagging modeling
performance with the downsampled datasets.

5.B additional plots mt experiments

In this section we give additional results for the MT experiments (Section 5.3.2).
In Figure 5.B.1 we show the plots of a qualitative inspection of the words in
the different WMT datasets (downsampled and original).

Table 5.A.1: POS-tagging scores for different vocabulary sizes, and different word

embeddings. Micro F1-scores. Sents = Sentences. Toks = Tokens.

Micro F1

Vocab size Nr Sents Nr Toks Word2Vec Glove BERT

1,000 1,000 7,235.75±174.485 0.189±0.013 0.581±0.021 0.801±0.007

2,000 1,000 11,252.0±227.885 0.208±0.015 0.624±0.017 0.853±0.008

3,000 1,000 14,867.2±292.534 0.215±0.005 0.622±0.030 0.880±0.015
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6
TO W A R D S I N T E R A C T I V E

L A N G U A G E M O D E L I N G

An important motivation of this thesis is to design and develop NLP models
in line with users’ needs. We have also been partially inspired by ideas from
cognitive science and linguistics, in particular in Chapter 4. In this chapter1 we
continue in this direction, while focussing less on the user aspects. Specifically,
we take a look at language modeling. Although large language models per-
form extremely well, they are trained on very large amounts of data and their
training regime appears unnatural from the perspective of human language
acquisition. The latter is much more interactive in nature. Fascinated by this
observation, we explore the role that interaction can play in artificial language
modeling, as we answer the fifth research question of this thesis:

Research Question 5: How can we make artificial language modeling more human-
like by taking a more interactive approach?

Throughout this chapter, we also refer to this interactive approach to language
modeling as interactive language modeling. This chapter is exploratory in nature.
We first define the objective of interactive language modeling more explicitly
and propose a teacher-student framework for the purpose of interactive lan-
guage modeling. Next, we present a road map in which we detail the steps
that need to be taken towards a fully interactive approach to language model-
ing, for each of the components in this framework. We then lead by example

1 This chapter is based on (ter Hoeve et al., 2021). A similar version was also presented as (ter
Hoeve et al., 2022b).
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and take the first steps on this road map, which show the initial feasibility of
our proposal. Our aim is to start a larger discussion and research agenda on
interactive language modeling with this work.

6.1 introduction

Interaction between children and more advanced language interlocutors (such
as caregivers) plays an important role in many theories and studies on human
language acquisition (e.g., Bruner, 1985; Clark, 2018). For example, although
culturally dependent (Shneidman and Goldin-Meadow, 2012) and with the
precise effects still up for discussion (Cristia et al., 2019), caregivers can com-
municate with their children in child directed speech. In turn, children can for
example experiment with the meaning of words, to elicit a response from their
caregivers (Gillis and Schaerlaekens, 2000).

Despite the importance of interaction in human language acquisition, inter-
action plays little to no role in artificial language modeling. This is remark-
able, as language modeling also has the objective to learn human language,
albeit with artificial models. Instead, current state-of-the-art language models
(LMs) take large amounts of text as input, and are tasked to predict the next or
masked words (e.g., Devlin et al., 2019; Brown et al., 2020). The learning signal
only comes from a cross-entropy loss that indicates whether a prediction was
correct. Although this setup has shown to be effective, from the perspective
of human language acquisition it appears unnatural — children clearly do not
learn language this way. This motivates us to explore ways in which interaction
can play a role in artificial language modeling.

Specifically, in this chapter we explore a teacher-student setup for interactive
language modeling. Figure 6.1 depicts a high level overview. In this setup we
distinguish four main parts: the teacher, whose role is inspired by the caregiver
in the human language acquisition, the student, who resembles the child, the
interaction between the teacher and the student, and the environment that they
both share (such as the language that needs to be learned by the student). The
student and the teacher can interact with each other, and with the environment.
We motivate and detail our setup further in Section 6.3.

An interactive approach to language modeling is not only interesting from
the perspective of human language acquisition. Explicitly allowing for inter-
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Teacher Student

Environment

Interaction

Figure 6.1: Teacher-Student setup for interactive language modeling.

action also has the potential to make language modeling more efficient and
versatile. For example, a teacher can adapt its input to a student based on
the specific feedback signals it receives from the student, and a teacher that
is fluent in one domain can teach the specifics of that domain to a student
trained on another domain, and vice versa. Moreover, an interactive approach
to language modeling has the potential to impact downstream applications, for
example in foreign language teaching apps where a student can be replaced by
a human.

We structure the contributions in this chapter as follows:

• We define the objective of interactive language modeling;

• We present a road map that details the steps that need to be taken towards
this objective;

• We take the first steps on this road map, which show the initial feasibility
of our approach.

With these contributions we aim to start a larger research agenda on interactive
language modeling.

6.2 related work

In this section we describe a number of different learning strategies to train
machine learning models that are particularly related to the current work.
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6.2.1 Interactive Language Learning in NLP

Recently, a number of studies have focused on interactive language learning.
Stein et al. (2021) learn logical semantic representations in an interactive way.
Nikolaus and Fourtassi (2021) propose a proof of concept to model perception
and production based learning of semantic knowledge acquisition in children.
Kiseleva et al. (2022a) and Kiseleva et al. (2022b) take an interactive approach
to language understanding in a recent NeurIPS challenge. To the best of our
knowledge, none of these earlier works have focused specifically on language
modeling.2

6.2.2 Curriculum Learning

Curriculum learning (CL) (Bengio et al., 2009) is an approach to learning in
which data samples are presented in a meaningful order — typically in order
of complexity — motivated by the idea that humans learn in a similar way. Ben-
gio et al. show the effectiveness of CL on a number of tasks, among which a
classical approach to language modeling. More recently, a number of stud-
ies have shown the effectiveness of CL for (fine-tuning) LMs (Xu et al., 2020a;
Zhang et al., 2021b), although other studies have shown that not all intuitive
curricula are also effective (Liu et al., 2019). Matiisen et al. (2020) propose a
teacher-student framework for automatic CL for the addition of decimal num-
bers and navigation in Minecraft.

2 Since the work in this chapter was published, InstructGPT (Ouyang et al., 2022) was released,
a language model that is trained with human feedback to follow instructions. InstructGPT is
a fine-tuned version of GPT-3 (Brown et al., 2020). Briefly, InstructGPT is trained with rein-
formcement learning from human feedback (Christiano et al., 2017), an iterative process in which
human labelers rank outputs of a pre-trained language model. These scores are used to train
a reward model. The original language model is then fine-tuned based on the scores of the re-
ward model. Next, human labelers again rate the output of the now more fine-tuned language
model, and the fine-tuning process starts again. At the time of writing this thesis, ChatGPT
(https://openai.com/blog/chatgpt/) was released. ChatGPT is very similar to InstructGPT,
with minor changes in the fine-tuning loop. InstructGPT and ChatGPT are different from the
interactive approach to language modeling proposed in this chapter, as their training requires
fine-tuning already pre-trained language models. However, InstructGPT and chatGPT show
the potential of an interactive approach.

https://openai.com/blog/chatgpt/
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6.2.3 Active Learning

In active learning (AL) (Cohn et al., 1996) a learner (the model to be trained)
actively selects which data it can most effectively be trained on. That is, where
CL is often more associated with choosing a teaching strategy, AL is rather
focused on the student side. AL is often used to efficiently label data in a low
resource setting (e.g., Reichart et al., 2008; Ein-Dor et al., 2020).

6.2.4 Continual Learning

In continual learning, or life-long learning, the aim is to train a model in an
online fashion, i.e., on a continuous stream of data, whilst avoiding catastrophic
forgetting (McCloskey and Cohen, 1989; French, 1999). This makes models
versatile to an ever-changing world. Some recent work has focused on types
of continual learning for large LMs (e.g., Lazaridou et al., 2021; Jin et al., 2022).
We envision interactive language modeling to play an important role in life-
long learning in the future.

6.3 a road map towards interactive language
modeling

In this section we present a road map towards interactive language modeling.
Before we can do this, we first need to define our objective for an interactive
modeling framework in more detail:

Our objective is to build an automated teacher-student loop for language modeling that
attains good performance in the student for a fixed (low) number of bits transmitted in
the interactions.

We propose a teacher-student loop as this format closely resembles caregiver-
child interactions. In Section 6.1 and Figure 6.1 we already introduced a high
level overview of this setup and its four main components: (1) the teacher, (2)
the student, (3) the interaction and (4) the environment. Generally, in this setup
teachers transmit language data to their students, according to a certain bud-
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get (“a (low) fixed number of bits”). Having this budget forces the teacher
to actively choose a learning strategy, as just sending all data that is available
to the teacher would not be allowed. Students have the objective to learn the
language and they send a signal back that informs their teacher of their perfor-
mance, e.g., a score on an exam. This interaction takes place in an environment,
e.g., a common language.

In Table 6.1 we present the road map that we envision towards interactive
language modeling. This road map works as follows. For each of the four
aforementioned components we detail steps that need to be taken. We also add
a fifth component: the evaluation of the setup. Each component has different
aspects (bold-faced in Table 6.1). For example, for the teacher we can focus on
how it can access the data that it can transmit to the student, which we call
“ways of speaking” in Table 6.1. Another aspect of the teacher side focuses on
what we call the “degree of awareness”, which entails different ways in which
the teacher can remember different aspects of the teaching loop. In a similar
fashion we fill in the remaining components in the table. We focus on text as a
single modality and acknowledge grounded interactive language modeling as
an interesting future research direction.

On our road map there are multiple ways to reach the destination. For
example, one can focus on taking a few steps for each of the components, or to
take many steps for only one or a few of the components. Moreover, although
mostly structured in increasing degrees of complexity, this does not always
hold for all individual steps in the table. For example, zooming in on the
“degrees of awareness” for the teacher again, one could imagine an example
where a teacher does not have an explicit memory buffer of what it sent to
the student before, but does have an explicit way of remembering what the
student’s fine-grained capabilities are, as well as the other way around.

In the remainder of this work we take the first steps on the road map. We
focus on the teacher side, i.e., learning the correct didactic approach.
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Table 6.1: Table spans over multiple pages. Road map to interactive language modeling.

We detail each of the steps we need to take for each of the components in the interactive

language modeling setup. The steps that we take in this chapter are indicated by

∗. Note that there is not a single correct road through this road map. One could

decide to fully focus on one of the components, or to take (multiple) steps in multiple

components.

Teacher Student

Ways of speaking

• Select data from bin;∗

• Generate data with own language
model.

Degrees of awareness

• (No∗) memory buffer of what has
been sent to the student and be-
ing able to act on it (see Interaction
cell);

• (No∗) explicit way of remem-
bering what the student’s fine-
grained capabilities are and being
able to act on it (see Interaction
cell).

Ways of speaking

• Generate language data in a stan-
dard LM fashion;∗

• Actively experiment with lan-
guage generation to elicit direct
feedback from the teacher (see
also Interaction cell).

Degrees of using the teacher data

• Use all data received from the
teacher;

• Actively select data that is useful;
• Actively know when to stop train-

ing (for example to avoid overfit-
ting).
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Interaction Environment

Teacher side

• Send all data at once;∗

• Send data in batches, based
on student feedback (see below).
Batches can be as small as sin-
gle utterances, after which the stu-
dent sends an utterance back, like
in real human-to-human interac-
tion (see below);

• Send (mid-term) exams.

Student side

• Send a single average exam score
back to the teacher;∗

• Send a fine-grained exam score
back, e.g.,
– score per item on the exam set;
– (average) scores of different

components (tasks) of the
exam(s)

• Ask for feedback, for example by
actively experimenting with lan-
guage generation for the teacher
to judge (‘generate own exam’).

Language

• Artificial languages, in increasing
level of difficulty in terms of com-
plexity, e.g.,
– random language;∗

– different types of structures;∗

– different vocabulary sizes;
• Subset of human language, e.g., in

terms of
– semantics (e.g., different do-

mains)
– syntax (e.g., different grammat-

ical structures)
– pragmatics

• Unrestricted human language.

Task

• Teacher: Learn to select or gen-
erate the optimal data such that
the student performs well on the
exam set (see cell below);∗

• Teacher: Learn to adapt to differ-
ent types of students, e.g.,
– architectural differences
– different prior knowledge (be

aware of catastrophic forgetting
in neural networks)

• Student: Learn to adapt to dif-
ferent types of teachers (didactic
strategies).
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Evaluation / Exam

Teacher
• Accuracy in selecting the optimal teaching protocol.∗

Student (Exam / Feedback for teacher)

• General performance, measured in perplexity;∗

• Performance on specific tasks, such as
– Subset of the data known to the teacher (e.g., specific domain or (gram-

matical) structure)
– BLIMP (Warstadt et al., 2020);
– BIG-Bench (Srivastava et al., 2022) (https://github.com/google/
BIG-bench).

• Scores either as an average∗ or more fine-grained (see Interaction cell).

6.4 taking the first steps on the road map

Figure 6.2 shows how we adapt the general setup from Figure 6.1 to take the
first steps on the road map. Here we describe each modification per compo-
nent: the teacher, the student, the interaction, the environment and the exam that the
student takes. The main focus of this work is on the teacher’s side, and thus
we keep the remaining components relatively simple.

6.4.1 The Teacher

The role of the teacher is to transmit language data that will optimally help
the student to learn the language. Figure 6.2 shows that we train the teacher
to do this in a number of time steps. At each of these steps a teacher samples
data from a larger language data set according to a fixed budget. We discuss
the specifics of the sampling function below. To reduce the variance in the
teacher’s learning process we repeat this process for multiple students, i.e.,
a teacher selects N “lessons” for N students. Due to the stochasticity of the

https://github.com/google/BIG-bench
https://github.com/google/BIG-bench
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Data

Exam
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e

x N

Figure 6.2: Teacher-student loop as used in this work.

sampling process, each student has the potential to be trained on a slightly
different part of the data. Because we use a multiprocessing setup we can train
multiple students on a single GPU. Hence, using multiple students does not
drastically increase the computational cost.

Knowing the Language

The teacher is modeled as a native speaker of the language that it needs to
teach. We represent the teacher’s language understanding with a pre-trained
causal transformer LM (Vaswani et al., 2017). We pre-train this model on a
different subset of the data than the teacher can select from for the students,
and thus we ensure that we measure whether a teacher can teach a language
as a whole, and not only a particular subset that it was trained on itself.

Selecting the Data

We use REINFORCE (Williams, 1992) with entropy regularization (Mnih et
al., 2016) to learn the teacher’s didactic approach.3 We want to optimize the
teacher’s policy such that it learns to select the optimal data to train the stu-
dent on, given a predefined budget. The policy is a one-layer feed forward

3 We also experimented with gradient-free optimization approaches such as the ones imple-
mented in Nevergrad (Rapin and Teytaud, 2018), but found REINFORCE to be more flexible
in learning the different tasks in our setup, and therefore it is a better fit for our needs.
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neural network that outputs a score for each sentence, i.e., the teacher’s policy
network takes a sentence embedding as input, based on the pre-trained trans-
former LM that we use to represent the teacher’s language understanding. An
action is modeled as selecting k sentences from the larger data set, where k is
a predefined teacher budget. We use the GumbelTopK trick (Vieira, 2014; Kool
et al., 2019) to sample k sentences without replacement, based on the teacher
policy’s output scores. We compute the log probabilities (needed to compute
the loss) for each sample by adding the log probabilities of each element in the
sample. We refer to Appendix 6.A for more details.

6.4.2 The Student

As the teacher is the main focus of our work, we choose to keep the student
side simple. We represent the student as a causal transformer LM that we train
on the data that it receives from the teacher.

6.4.3 The Interaction

Following Table 6.1, the teacher sends all selected data to the student at once.
The student uses this data to train its LM and takes an exam after a predefined
number of updates. The average exam score is sent back to the teacher as
feedback. We use the student’s last model checkpoint to compute the scores
(as opposed to the best checkpoint on a validation set), to ensure that the
learning signal for the teacher is restricted to the student’s performance on the
exam set, i.e., we do not expect teachers to reverse the learning process of the
students (just like caregivers cannot do this for their children).

6.4.4 The Environment

Following Table 6.1, we design a number of artificial languages to test our
approach on (see Section 6.5 for details). Using artificial languages is a well-
tested approach to study the behavior of neural networks (e.g., Batali, 1994;
Wiles and Elman, 1995; Rodriguez et al., 1999; Gers and Schmidhuber, 2001;
Rodriguez, 2001; Hupkes et al., 2018; Lake and Baroni, 2018; Saxton et al., 2019;
Hupkes et al., 2020; Rodríguez Luna et al., 2020; Wal et al., 2020; Chaabouni et
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al., 2021; Dagan et al., 2021). Using artificial languages gives us the control we
need to design our experiments in such a way that we can correctly interpret
the results.

6.4.5 The Exam

The exam is a held-out set over which we compute the student’s perplexity.
The details of the exam are task dependent and we discuss these next.

6.5 experimental details

Having defined the steps that we are taking on the road map in this work,
we now test the validity of this setup with two tasks. Here, we describe and
motivate these tasks in Section 6.5.1 and Section 6.5.2, and give the training
details in Section 6.5.3.

6.5.1 Task 1 – Teaching Different Domains

For this task we design a language consisting of two strictly separated vocabu-
laries, loosely representing two different domains in natural language. Specif-
ically, V1 = {a, b, c, d, e, f , g, h, i, j}, and V2 = {k, l, m, n, o, p, q, r, s, t}. We con-
struct sentences by randomly sampling from these sets. Sentences consist ei-
ther of tokens only from V1 or of tokens only from V2. Sentences have an equal
length of 10 tokens each. Half of the data set that the teacher can choose from
consists of V1 sentences, the other half consists of V2 sentences. The teacher’s
LM is trained on a similarly constructed data set, yet consisting of different
sentences. The student’s exam set consists of sentences from only one of the
vocabularies, V1 in our case. These are different sentences than in the training
set, i.e., the teacher cannot simply sample the exam set to train the student.
Hence, the optimal teaching strategy is to present the student with sentences
from the exam vocabulary. We confirm this in our baseline experiments that
we present in Section 6.5.4.
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6.5.2 Task 2 – Teaching Different Structures

For this task we do not use different vocabularies, but different sentence struc-
tures. All our sentences are constructed with V1 and are between 2 and 10
tokens long. We use two different structures: single repetitions and double
repetitions. In the case of the single repetitions two identical tokens never oc-
cur next to each other, whereas in the case of double repetitions tokens are
sampled in pairs:

Structure 1 - Single repetitions: (xy)n

Structure 2 - Double repetitions: (xx) or (xxyy)n

The data set that the teacher can sample from consists for 20% of sentences
with Structure 1 and for 80% of sentences of Structure 2. The exam set consists
of sentences with Structure 1. We opt for this way of splitting the data, as we
found that a student performs quite well when trained on data consisting half
of Structure 1 and half of Structure 2. Having an unequal split thus allows us to
make sure that we can appropriately distinguish a learned didactic approach
from a random one. For this task the optimal teaching strategy is to select sen-
tences with the exam structure, as we confirm with our baseline experiments
that we present in Section 6.5.4.

6.5.3 Training Details

The teacher LM is trained on 100 unique sentences till convergence. The dataset
the teacher can sample from for the student consists of 100 different unique
sentences. The exam consists of 10 unique sentences and we set the teacher
budget to 10 as well. In follow-up work we hope to experiment with different
dataset sizes, as well as investigate the effect of different budgets. We run
our experiments with five different random seeds and report the averages and
standard deviations. We use the negative perplexity of the student on the
exam as reward for the teacher. We experiment with two sentence embeddings
for the teacher: average word embeddings and the average of the last hidden
layer. We train students for a predefined number of steps that we determine
by inspecting the loss and perplexity curves of training an LM once before
the actual experiments. We base the threshold on when a student LM starts
to overfit, so that a teacher can get clear feedback signals. We set this value
to 400 for Task 1 and 300 for Task 2. Automatically determining when the
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student stops training is an important avenue for future work (Table 6.1). We
use Fairseq’s (Ott et al., 2019) transformer_lm4 for the implementation of the
transformer LMs. We use up to four GPUs with 32 GB RAM per experiment.
The exact number depends on the number of students per teacher, as we can fit
up to 6 students on a single GPU due to our multiprocessing implementation.

6.5.4 Baseline experiments

We run three baseline experiments with three different didactic strategies: an
oracle, random, and worst case strategy. We run the baselines for five different
random seeds. In each experiment, we randomly select data according to the
teacher budget. We do this five times and each time train a student LM with
the selected data. The difference between baselines is the type of data that can
be selected. For the oracle baseline we only select sentences that consist of the
exam vocabulary (Task 1) or structure (Task 2). For the random baseline we
randomly select sentences. For the worst case baseline all sentences that we
select are from a different vocabulary or structure than the exam sentences.

6.6 results

In this section we give the results of our experiments on both tasks.

6.6.1 Task 1 – Different Domains

Baseline Results

In Table 6.2 we present the results for the baseline experiments for Task 1. We
report the averages and standard deviations of the perplexity on the exam set
and the fraction of training sentences that consisted of the exam vocabulary.
For space reasons, we report the results for two seeds per baseline: the seed
with the best average perplexity and the worst. The results for all five seeds
are given in Appendix 6.B. There we also present scores for the n-gram overlap
between the selected training set and the exam set. The results are as expected:

4 https://fairseq.readthedocs.io/en/latest/command_line_tools.html

https://fairseq.readthedocs.io/en/latest/command_line_tools.html
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Table 6.2: Baseline results Task 1. Averages and standard deviations reported based

on five runs per seed.

Type Seed Avg Avg train
Perplexity from test

Random best 160.9±217.7 0.54±0.16

worst 742.5±159.8 0.50±0.17

Oracle best 14.99±5.364 1.00±0.00

worst 68.95±87.49 1.00±0.00

Worst best 4.78e4±2.67e4 0.00±0.00

case worst 8.46e4±4.69e4 0.00±0.00

The oracle baseline gives the best results, followed by the random and worst
case baseline respectively.

Results of Training the Teacher

In Figure 6.3 we present the results for Task 1 for different numbers of students
per teacher.5 The teacher’s didactic strategy correctly converges to the oracle
baseline. There is a clear difference between different sentence embeddings
(Section 6.4.1). Both embedding types are converging, but the average hidden
layer embeddings are clearly superior. We investigate this further by plotting
the t-SNE embeddings (van der Maaten and Hinton, 2008) of the different
sentence embeddings in Figure 6.4. To prepare for Task 2, we also plot the
embeddings of Task 2. The hidden layer sentence embeddings result in the
clearest separation between sentences from different vocabularies or structures.
Especially for Task 2, where we use the same vocabulary, this is unsurprising.
From now on we opt for these sentence embeddings. Based on the results
for Task 1 we opt for 12 students per teacher as a good trade-off between
computational cost and convergence stability for Task 2.

5 We present plots for the n-gram overlap in Appendix 6.D.
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(a) Perplexity of the student on the exam data
over different episodes. Average word embed-
ding as input to the teacher’s policy.
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(b) Fraction training data with the exam vocab-
ulary over different episodes. Average word
embedding as input to the teacher’s policy.
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(c) Perplexity of the student on the exam data
over different episodes. Average last hidden
layer as input to the teacher’s policy.
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(d) Fraction training data with the exam vo-
cabulary over different episodes. Average last
hidden layer as input to the teacher’s policy.

Figure 6.3: Results Task 1 – Different domains. Plots for different numbers of students

per teacher. Results per setting reported as average and standard deviation over five

random seeds. x-axis of lower plots bound to 40 as the teacher had already converged

by then.

(a) Task 1 - Different
vocabularies. Sen-
tence embedding is
average word em-
beddings.

(b) Task1 - Different
vocabularies. Sen-
tence embedding is
average last hidden
layer.

(c) Task 2 - Differ-
ent structures. Sen-
tence embedding is
average word em-
beddings.

(d) Task 2 - Differ-
ent structures. Sen-
tence embedding is
average last hidden
layer.

Figure 6.4: T-SNE plots for different sentence representations for different tasks.
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(b) Fraction training data with the exam struc-
ture over different episodes.

Figure 6.5: Results Task 2 – Plots for 12 students per teacher. Results per setting

reported as average and standard deviation over five random seeds.

Table 6.3: Baseline results Task 2. Averages and standard deviations reported based

on five runs per seed.

Type Seed Avg Avg train
Perplexity from test

Random best 119.0±56.48 0.18±0.04

worst 342.1±241.4 0.12±0.08

Oracle best 6.821±0.619 1.00±0.00

worst 9.431±3.057 1.00±0.00

Worst best 299.6±124.2 0.00±0.00

Case worst 595.3±297.9 0.00±0.00

6.6.2 Task 2 – Different Structures

Baseline Results

We present the baseline results for Task 2 in Table 6.3. Again we report the re-
sults for the best and the worst seed. Full results are available in Appendix 6.C.
Similar to the results for Task 1, we confirm that the oracle baseline performs
strongest, followed by the random and worst case baseline respectively.
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Results of Training the Teacher

In Figure 6.5 we present the results for Task 2.6 Again we see that the teacher
learns to gradually converge to the oracle teaching strategy, although conver-
gence is less fast than for Task 1; we do not achieve full convergence in the
number of training episodes that we run these experiments for. We postulate
that this can be explained by the differences we found in Figure 6.4. The differ-
ences in sentence embeddings between the two different structures are clearly
less apparent than between the sentences from two vocabularies. This indi-
cates the importance of good sentence embeddings for future work. Moreover,
as stated in Section 6.6.2, we found that transmitting roughly 50% of Structure
1 and 50% of Structure 2 also already leads to good performance. Therefore,
the teacher likely needs to learn from a less distinct learning signal than in
Task 1.

6.7 implications and outlook

We took the first steps on our proposed road map. Here we want to share our
learnings and the limitations of the current setup to help future research to
take the next steps on the road map.

6.7.1 The Importance of Designing Experiments with Interpretable Outcomes

We designed our experiments such that we knew the teacher’s oracle strategy,
which allowed us to properly test our setup. However, in designing our experi-
ments we found that finding such settings is non-trivial. For example, in a task
that contains a language with multiple structures, a student might unexpect-
edly learn information from structure 1 that also proves useful for structure 2.
This might be acceptable if one’s only objective is to obtain a good performance.
However, in our case it is critical to be able to know that a teacher is “right for
the right reasons”, which motivated our choices for the tasks and languages.

6 We present plots for the n-gram overlap in Appendix 6.E.
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6.7.2 The Teacher’s Budget

Following the objective as defined in Section 6.3, we designed our experiments
in such a way that the teacher was given a budget that limits the amount of
data it can send to the student. As mentioned in Section 6.5.3, we confirmed
that the student’s learning converges with this budget. In follow-up work we
plan to investigate the importance of different budgets in more detail. One
interesting direction is to give the teacher a flexible budget, i.e., such that a
teacher could decide to stop training if it deems it no longer necessary for the
student.

6.7.3 Computational Complexity

Apart from the multiprocessing setup that allows us to train multiple students
on a single GPU, we did not yet focus on the computational complexity of
our approach. In the current setup many student language models need to be
trained for a single teacher. In our case we deem this justifiable as we are just at
the start of the road map. Moreover, once a teacher model is trained, it can be
used for many different purposes. However, in future work we hope to focus
on decreasing the computational complexity of our approach. One promising
avenue to do this is by optimizing the learning process of the student.

6.8 ethical impact statement

At this point we use artificial language data only, for which we do not see any
direct negative implications. As we move towards using real data sets, it is
necessary to be aware of potential biases with these data sets. One needs to
ensure that the data is not biased towards any (protected) group to avoid any
harm. Currently, much of the NLP research focuses on English as its language
of interest. Our approach is not bound to any language in particular and can
even be used to improve language learning in a low resource setting. Once the
models achieve human-like performance and are used for downstream tasks
and applications it is necessary to explicitly state that language is produced by
an artificial language model. However, as with all language models, misuse
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can still happen, and it is our responsibility as a research community, amongst
others, to spend effort on making users aware of these possibilities.

6.9 conclusion

In this chapter we were inspired by the observation that human language ac-
quisition is much more interactive in nature than the training regimes of large
language models. Therefore, we explored the space of interactive language
modeling in this chapter, answering the fifth research question of this thesis.
We defined our objective for interactive language modeling, which makes use
of a student-teacher framework. In this framework, the teacher is inspired by
the caregiver and the student resembles the child in the human language ac-
quisition. The teacher and student can interact with each other, and with the
environment. We presented a road map that details the steps towards inter-
active language modeling for each of the components of the teacher-student
loop. We led by example and took the first steps on this road map, leading to a
tangible proof of concept of our proposal. With this work, we aim to inspire a
broader discussion and research agenda around interactive language learning.
In future work, we plan to take the next steps on the road map. We are espe-
cially interested in taking the steps that require a more explicit and elaborate
form of interaction between the teacher, student, and their environment.



C H A P T E R A P P E N D I X

In this chapter appendix we give more details about how we compute the
probability of our Top-K sample, as discussed in Section 6.4.1 and additional
results for the baseline experiments.

6.A computing the probability of a top-k sam-
ple

Our objective is to find the (log) probability of sampling the subset
(i1, . . . , iK) from {1, . . . , N} without replacement from the categorical probabil-
ity (p1, . . . , pN).

Let us first consider sampling K elements from the {1, . . . , N} with replacement.
In that case

p(i1, . . . , iK) =
K

∏
k=1

pik . (6.1)

If we allow for all possible permutations of observing (i1, . . . , iK) we get

p(i1, . . . , iK) = C
K

∏
k=1

pik , (6.2)

where C = K!.

To go from sampling with replacement, to sampling without replacement, we
consider event A = “all sampled elements (i1, . . . , iK) are unique”. Then

pw/o replacement(i1, . . . , iK) =

pw/ replacement(i1, . . . , iK|A).
(6.3)
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Applying Bayes Rule gives us:

pw/o replacement(i1, . . . , iK) =

pw/ replacement(A|i1, ..., iK)pw/ replacement(i1, . . . , iK)

pw/ replacement(A)
.

(6.4)

As in our case all samples in (i1, . . . , iK) are unique we know that

pw/ replacement(A|i1, . . . , iK) = 1. (6.5)

Combining this with Equation 6.2 gives us

pw/o replacement(i1, . . . , iK) =
C ∏K

k=1 pik
p(A)

, (6.6)

and thus

pw/o replacement(i1, . . . , iK) ∝
K

∏
k=1

pik , (6.7)

and

log pw/o replacement(i1, . . . , iK) ∝
K

∑
k=1

log pik . (6.8)

From an implementation perspective this boils down to the following steps:

1. We compute the scores per sentence.

2. We sample K sentences without replacement, using the GumbelTopK
trick.

3. We compute the log probabilities for each score: log softmax(scores).

4. We compute the log probability of our sample by adding the log proba-
bilities of the elements in our sample, according to Equation 6.8.

6.a.1 Comparison to Prior Work

Our problem of sampling K sentences as a single action is similar to the prob-
lem formulation of using reinforcement learning for extractive summarization
to optimize for Rouge (Lin, 2004) directly. In this setting K sentences need to be
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selected from a document. This results in a very large search space. Narayan
et al. (2018b) limit the search space by first selecting n sentences that have a
high Rouge score. Then all possible summaries are made with these n sen-
tences. These summaries are ranked according to their Rouge scores and the
top K sentences are taken as action. This approach has the disadvantage that
it limits the search space heuristically, which does not guarantee that the best
summary is found. Dong et al. (2018) frame the problem as a contextual bandit
problem, which allows them to sample from the true action space. We choose
our approach as it is intuitive, simple and effective.

6.B additional results baseline experiments
task 1

In Table 6.B.1 we present the results for our baseline runs on all five seeds.

6.C additional results baseline experiments
task 2

In Table 6.C.1 we present the results for our baseline runs on all five seeds.

6.D additional n-gram plots task 1

In this section we present the plots for the n-gram overlap for Task 1 in Fig-
ures 6.D.1 and 6.D.2.

6.E additional n-gram plots task 2

In this section we present the plots for the n-gram overlap for Task 2 in Fig-
ure 6.E.1.
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data.

Figure 6.D.1: Additional results Task 1 – Different domains. Plots for different num-

bers of students per teacher. Results per setting reported as average and standard

deviation over five random seeds. Average word embedding as sentence embeddings.
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Figure 6.D.2: Additional results Task 1 – Different domains. Plots for different num-

bers of students per teacher. Results per setting reported as average and standard

deviation over five random seeds. Average hidden layer embedding as sentence em-

beddings.
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Table 6.B.1: Baseline results for Task 1. Different domains. Averages and standard

deviations reported based on five runs per seed.

Seed Avg Avg train Avg 1-gram Avg 2-gram Avg 3-gram
Perplexity from test overlap overlap overlap

R
an

do
m

6639 193.9±100.3 0.46±0.14 0.46±0.14 0.278±0.07 0.023±0.009

7519 683.1±634.3 0.52±0.15 0.52±0.15 0.291±0.10 0.030±0.010

1007 742.5±159.8 0.50±0.17 0.50±0.17 0.298±0.10 0.035±0.014

4520 160.9±217.7 0.54±0.16 0.54±0.16 0.327±0.09 0.035±0.025

4527 307.1±295.1 0.58±0.17 0.58±0.17 0.349±0.10 0.035±0.014

O
ra

cl
e

6639 14.99±5.364 1.00±0.00 1.00±0.00 0.551±0.06 0.072±0.029

7519 44.37±58.94 1.00±0.00 1.00±0.00 0.611±0.02 0.085±0.017

1007 68.95±87.49 1.00±0.00 1.00±0.00 0.598±0.02 0.077±0.025

4520 15.65±4.616 1.00±0.00 1.00±0.00 0.578±0.02 0.087±0.028

4527 23.66±21.44 1.00±0.00 1.00±0.00 0.624±0.02 0.095±0.019

W
or

st
ca

se

6639 8.46e4±4.69e4 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.00

7519 7.03e4±3.73e4 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.00

1007 8.17e4±4.26e4 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.00

4520 4.78e4±2.67e4 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.00

4527 6.69e4±1.98e4 0.00±0.00 0.00±0.00 0.00±0.00 0.00±0.00
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Table 6.C.1: Baseline results for Task 2. Different structures. Averages and standard

deviations reported based on five runs per seed.

Seed Avg Avg train Avg 1-gram Avg 2-gram Avg 3-gram
Perplexity from test overlap overlap overlap

R
an

do
m

6639 119.0±56.48 0.18±0.04 1.00±0.00 0.401±0.033 0.030±0.020

7519 162.8±201.9 0.24±0.05 1.00±0.00 0.408±0.044 0.035±0.038

1007 234.1±192.0 0.24±0.12 1.00±0.00 0.414±0.034 0.034±0.020

4520 161.7±190.6 0.22±0.04 1.00±0.00 0.410±0.023 0.038±0.033

4527 342.1±241.4 0.12±0.08 1.00±0.00 0.348±0.024 0.013±0.017

O
ra

cl
e

6639 6.973±1.534 1.00±0.00 1.00±0.00 0.720±0.044 0.151±0.022

7519 7.626±2.298 1.00±0.00 1.00±0.00 0.682±0.056 0.177±0.033

1007 7.895±1.106 1.00±0.00 1.00±0.00 0.726±0.045 0.207±0.025

4520 6.821±0.619 1.00±0.00 1.00±0.00 0.740±0.073 0.197±0.054

4527 9.431±3.057 1.00±0.00 1.00±0.00 0.700±0.056 0.174±0.017

W
or

st
ca

se

6639 595.3±297.9 0.00±0.00 1.00±0.00 0.326±0.026 0.00±0.00

7519 317.2±235.8 0.00±0.00 1.00±0.00 0.311±0.018 0.00±0.00

1007 508.1±155.7 0.00±0.00 1.00±0.00 0.345±0.017 0.00±0.00

4520 299.6±124.2 0.00±0.00 1.00±0.00 0.310±0.027 0.00±0.00

4527 432.8±72.05 0.00±0.00 1.00±0.00 0.330±0.035 0.00±0.00
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data.
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Figure 6.E.1: Additional results Task 2 – Different structures. Results per setting re-

ported as average and standard deviation over five random seeds.



7
C O N C L U S I O N

In this thesis we have taken a human-centered approach to NLP. We have vis-
ited a variety of tasks, and provided insights into users’ needs for these tasks.
We have also taken inspiration from cognitive science and linguistics to develop
models and systems for these tasks. We have shown how a human-centered
approach can help us (i) understand model behavior and capabilities, (ii) iden-
tify where and how modeling can be improved, and (iii) make sure models are
in line with users’ needs. Throughout the thesis we found that there are still
opportunities to more adequately model a human-centered approach to NLP,
and thus this thesis also aims to be the start of new directions in this area.

In this final chapter of the thesis we revisit the main research questions that
we raised in Chapter 1. We summarize our findings for these questions in
Section 7.1. We conclude this chapter, and this thesis, with directions for future
work in Section 7.2.

7.1 summary of findings

Research Question 1: What does document-centered assistance look like, and how
can we model it?

In Chapter 2 and in (ter Hoeve et al., 2020) we found that users’ informa-
tion needs in the context of document-centered assistance is different from
their information needs in other areas of question-answering or digital assis-
tance. In a document-centered scenario users ask questions that are directly
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grounded in the process of writing or consuming the document, such as “Does
the document already contain information about topic X?”. In order to model this
new scenario, we collected a human-labeled dataset that we called Document
Question-Answering, which contains questions and answers grounded in this
document-centered scenario. We trained passage ranking and answer selection
models on this data and showed that these models perform well on our task,
but that there is also still room for improvement.

Research Question 2: What makes a good and useful summary for users of automat-
ically generated summaries?

In Chapter 3 and in (ter Hoeve et al., 2022d) we contributed a survey methodol-
ogy that can be used to answer this question for many user groups. We focused
on university students, as they are heavy users of pre-made summaries, for ex-
ample during exam preparations. We centered our survey around the three
context factors for automatic summarization (Spärck Jones, 1998): (i) input,
(ii) purpose, and (iii) output factors. We found that survey participants indicated
many different needs for a pre-made summary, many of which are different
from the focus of automatic summarization research at the time of writing. We
also contributed an evaluation methodology to measure the usefulness of a
generated summary.

Research Question 3: How can we fulfill users’ request for summaries that include
graphical elements?

Motivated by our findings for the second research question, we proceeded to
generate summaries with graphical elements in Chapter 4 and in (ter Hoeve
et al., 2022c). We called our task summarization with graphical elements. In formu-
lating our task, we were also inspired by the cognitive science literature on how
humans read written texts. By means of a user study, we confirmed that a criti-
cal mass of people is interested in our proposed summaries. Next, we collected
a high quality, human-labeled test set for our task, which we called Graphel-
Sums. Finally, we proposed a number of baseline methods for the task, ranging
from heuristically labeling the data, to training and fine-tuning neural models
on weakly labeled training data. Although the results are promising, none of
these baseline methods achieve satisfactory performance yet, indicating the dif-
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ficulty of the task. Hence, this chapter opens the door to many future research
directions.

Research Question 4: How are low-resource investigations in NLP biased by high-
resource approaches?

In Chapter 5 and in (ter Hoeve et al., 2022a) we expanded our focus from
English to a wider variety of languages. Specifically, we were interested in
languages that do not have as many available resources. We observed that re-
search on these lower resource languages is often grounded in high-resource
approaches. For example, low-resource scenarios are frequently simulated by
downsampling from a high-resource dataset. We empirically investigated the
validity of this approach on two well-known NLP tasks: POS-tagging and ma-
chine translation. We showed that this type of downsampling introduces a bias
in the dataset statistics of the downsample. Next, we showed that this results in
a biased view regarding the model performance on these two tasks. Scores are
either too high (because of the richness of the data) or rather too low (because
the high-resource data may be of insufficient quality). Being aware of this bias
puts individual researchers and the field as a whole in a better position.

Research Question 5: How can we make artificial language modeling more human-
like by taking a more interactive approach?

In Chapter 6 and in (ter Hoeve et al., 2021) we were motivated by the observa-
tion that, from the perspective of human language acquisition, large language
models are trained in an unnatural fashion. Human language acquisition is
much more interactive in nature. Fascinated by this observation, we explored
the possibilities of using interaction more actively in artificial language mod-
eling, which we called interactive language modeling. To model such an inter-
active approach, we suggested using a teacher-student framework, in which
the teacher is loosely inspired by a caregiver, and the student by a child. The
teacher and the student can interact with each other, and with the environment.
Next, we proposed a road map towards interactive language modeling, which
includes steps for each of the components in the student-teacher framework.
We took the first steps on this road map, by which we showed the initial feasi-
bility of our approach. This work was exploratory in nature. In future work we
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plan to take the next steps on the road map, especially focusing on expanding
the interactive nature of the approach.

7.2 future work

An important learning from our journey is that taking a human-centered ap-
proach opens the door to many new research directions, of which we have
discussed multiple throughout this thesis. We believe that these are all impor-
tant avenues to continue working on. In this section we discuss opportunities
for future work that we have not explicitly addressed yet.

Different Tasks, Users, and Languages

Throughout this thesis we have touched upon multiple tasks and domains, yet
there are still many possibilities for a user-centered focus that we have not
covered yet.

We believe that there is an increasing need for human-centered NLP in the
context of large language modeling, and its downstream tasks. In this thesis we
were motivated to make language modeling more human-like, but we strongly
believe there are also many challenges regarding the societal impact of these
models. As model performance increases (e.g., Devlin et al., 2019; Brown et al.,
2020; Chowdhery et al., 2022), these models will increasingly be used for user
facing implementations (e.g., Chung et al., 2022; Vaithilingam et al., 2022). This
requires additional efforts from a human-centered NLP perspective to ensure
that these models are well in line with users’ needs. Fortunately, we see an
increase in recent work in this area (e.g., Bender et al., 2021; Crisan et al., 2022;
Ouyang et al., 2022; Weidinger et al., 2022).

This naturally brings us to another important aspect — the variety of users
that are investigated. In this thesis we have focused our user studies and
surveys on students from Dutch universities, and English speaking, U.S. based
crowd workers. It is essential to expand the variety of users for a complete
human-centered investigation.

One of these facets is the language that we focus on. With English as the
default language within NLP, we are in the undesirable situation that research
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on any other language is often seen as “language specific” (Bender, 2011), en-
forcing an English language bias in NLP. In this thesis we investigated this bias
in more detail in Chapter 5. We view detailed human-centered NLP research
beyond English and a few other higher resource languages as a vital avenue
for future work.

One important way to achieve the aforementioned directions is to explic-
itly include evaluation metrics that measure these aspects. We addressed this
partially in Chapter 3, where we proposed an evaluation methodology for use-
fulness. We advocate for a holistic evaluation methodology, in which metrics
like fairness and diversity are considered as important as metrics like accuracy
and F1-score. In our view, the former are still too often seen as a side product,
or as a “nice to have”.

The Role of Cognitive Science and Linguistics

The role of cognitive science and linguistics in NLP research has become par-
ticularly interesting with the increased performance of large language models,
which was an important motivation in Chapter 6. Besides the question regard-
ing whether we should make the training regime more human-like, we believe
that there are still important questions to answer that will improve our under-
standing of these models and their performance. For example, what are the
requirements for a model to master language as humans do? Currently, large
improvements are achieved by scaling (e.g., Devlin et al., 2019; Brown et al.,
2020; Chowdhery et al., 2022). However, whether these models are trustworthy
enough to be released to the general public, is still subject to discussion (Ben-
der et al., 2021; Markov et al., 2022). One important argument involves the
harmfulness of these models when their performance is not in line with so-
cietal needs, which is related to the previous section on user-centered NLP.
Another important question is whether models need to achieve human-level
language understanding before we could fully trust and use them (Bender and
Koller, 2020). For example, is human-level language understanding needed to
avoid models to hallucinate (e.g., Ji et al., 2022)? We believe that insights from
cognitive science and linguistics are important to efficiently improve model
performance on these aspects.
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S U M M A R Y

In this thesis we take a human-centered approach to natural language process-
ing (NLP). That is, throughout this thesis, we center the design and develop-
ment of natural language technology around humans. We are motivated from
two angles, roughly summarized as: (i) who are the users of NLP systems, and
what are their needs?, and (ii) how can we use our knowledge of human lan-
guage processing and acquisition in designing and developing these systems?

We show that a human-centered approach to NLP helps us understand
model behavior and capabilities, identify where and how modeling can be
improved, and make sure models are in line with users’ needs. As we pro-
ceed, we find that there are still many opportunities to more adequately model
this human-centered perspective. Hence, this thesis is the start of a variety
of new research directions in human-centered language technology — we pro-
pose new tasks, data, and (evaluation) methodologies.

In Chapter 2 we investigate the needs of users of a digital assistant in a
document consumption scenario. By means of a survey we explore the space
of questions that users ask in this scenario, and the answers that they expect.
Next, we collect a human-labeled dataset that we use to train baseline models
for the task. We find that these models perform well on the task, but that there
is also still a lot of room for improvement.

In Chapter 3 we move from the space of digital assistance and question-
answering to automatic text summarization. We are motivated by the obser-
vation that the users of automatically generated summaries are often ignored
in earlier work on automatic summarization. By means of a survey amongst
users of pre-made summaries, i.e., summaries that are pre-written by some-
one else, we show that current research on automatic summarization is not
always in line with users’ needs. Our survey can be reused to investigate other
user groups with minor modifications. Finally, we contribute an evaluation
methodology to investigate the usefulness of a generated summary.
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Amongst others, participants in our survey indicated a need for summaries
that contain a variety of graphical elements, such as arrows and colored text.
In Chapter 4 we follow up on this request as we propose a new task: summa-
rization with graphical elements. In designing this task, we are also motivated
by how humans process written texts. We show that a critical mass of people
finds our proposed summaries useful. We then continue with a data collection
step, in which we collect a human-labeled test set. In the final step of this
work we implement baseline methods that show that our task is feasible, yet
challenging.

So far we have focused on English as the language of our modeling efforts,
which is limited from a user-centered perspective. In Chapter 5 we expand
our focus to a multitude of languages. Specifically, we are motivated by the
observation that work on low-resource languages is often biased by methodolo-
gies used for high-resource scenarios. For example, a prominent approach to
simulate a low-resource scenario is by randomly downsampling from a high-
resource dataset. In this chapter we empirically show that this approach in-
troduces bias in the context of part-of-speech tagging and machine translation,
which leads to a biased view of how well these systems perform in real low-
resource scenarios.

Finally, we leave the user-centered approach somewhat behind us, and seek
to build on insights about human language acquisition. Specifically, we fo-
cus on artificial language modeling. State-of-the-art language models perform
increasingly well. However, their training regime is unnatural from the per-
spective of human language acquisition, which is much more interactive. Moti-
vated by this observation, we explore a more interactive approach to language
modeling in Chapter 6. We propose a road map towards interactive language
modeling and take the first steps on this road map that show the initial feasi-
bility of our approach.



S A M E N VAT T I N G

In dit proefschrift hanteren we een mensgerichte benadering van natuurlijke
taalverwerking. Dat wil zeggen dat we de mens centraal stellen bij het ont-
werpen en het ontwikkelen van natuurlijke taaltechnologie. We zijn hierbij
gemotiveerd vanuit twee invalshoeken, grofweg samengevat als: (i) wie zijn
de gebruikers van systemen voor natuurlijke taalverwerking en wat zijn hun
behoeften?, en (ii) hoe kunnen we onze kennis van menselijke taalverwerking
en taalverwerving gebruiken bij het ontwerpen en ontwikkelen van deze syste-
men?

We tonen aan dat een mensgerichte benadering van natuurlijke taalverwer-
king ons helpt om het gedrag en de mogelijkheden van modellen voor natuur-
lijke taalverwerking te begrijpen, om te identificeren waar en hoe modellering
kan worden verbeterd, en om ervoor te zorgen dat de modellen in overeenstem-
ming zijn met de behoeften van gebruikers. We ontdekken dat er nog steeds
veel mogelijkheden zijn om dit mensgerichte perspectief beter te modelleren.
Dit proefschrift is dan ook het begin van een scala aan nieuwe onderzoeks-
richtingen in mensgerichte taaltechnologie — we introduceren nieuwe taken,
data en (evaluatie)methodologieën.

In Hoofdstuk 2 onderzoeken we de behoeften van gebruikers van een digi-
tale assistent in een documentconsumptiescenario. Door middel van een sur-
vey verkennen we de vragen die gebruikers stellen in dit scenario, en de
antwoorden die ze verwachten. Vervolgens verzamelen we een door mensen
gelabelde dataset die we gebruiken om baselinemodellen voor de taak te
trainen. We vinden dat deze modellen goed presteren op de taak, maar dat
er ook nog veel ruimte voor verbetering is.

In Hoofdstuk 3 focussen we op het automatisch samenvatten van tekst.
We zijn gemotiveerd vanuit de observatie dat de gebruikers van automatisch
gegenereerde samenvattingen vaak worden genegeerd in eerder onderzoek
naar automatische samenvattingen. Door middel van een survey onder ge-
bruikers van vooraf gemaakte samenvattingen, d.w.z., samenvattingen die

203



204 samenvatting

vooraf door iemand anders zijn geschreven, tonen we aan dat huidig onder-
zoek naar automatisch samenvatten niet altijd aansluit bij de behoeften van
gebruikers. Onze survey kan met kleine aanpassingen worden hergebruikt om
andere gebruikersgroepen te onderzoeken. Tot slot dragen we een evaluatie-
methodiek bij om het nut van een gegenereerde samenvatting te onderzoeken.

Deelnemers aan ons onderzoek gaven onder meer aan behoefte te hebben
aan samenvattingen die verschillende grafische elementen bevatten, zoals pij-
len en gekleurde tekst. In Hoofdstuk 4 bouwen we hierop voort en stellen
we een nieuwe taak voor: samenvatten met grafische elementen. Bij het ontwer-
pen van deze taak zijn we ook gemotiveerd door hoe mensen geschreven tek-
sten verwerken. We laten zien dat een kritische hoeveelheid aan mensen onze
voorgestelde samenvattingen nuttig vindt. In de volgende stap verzamelen
we een door mensen gelabelde testset. In de laatste stap van dit werk im-
plementeren we baselinemethodes die laten zien dat onze taak haalbaar maar
uitdagend is.

Tot nu toe hebben we ons gericht op Engels als taal in onze modellerings-
inspanningen. Vanuit een gebruikersgericht perspectief is dit beperkt. In
Hoofdstuk 5 breiden we onze focus uit naar een groter aantal talen. We zijn
met name gemotiveerd door de observatie dat het werken aan talen met weinig
middelen vaak vertekend is door de methodologieën die gebruikt worden voor
scenario’s met veel middelen. Een prominente benadering voor het simuleren
van een scenario met weinig middelen is bijvoorbeeld het willekeurig down-
samplen van een grote dataset. In dit hoofdstuk laten we empirisch zien dat
deze benadering bias introduceert in de context van part-of-speech tagging en
machinaal vertalen, wat leidt tot een vertekend beeld van hoe goed deze syste-
men echt presteren in een scenario met weinig middelen.

Ten slotte laten we de gebruikersgerichte benadering enigszins achter ons en
proberen we voort te bouwen op inzichten over menselijke taalverwerving. We
richten ons specifiek op kunstmatige taalmodellering. Moderne taalmodellen
presteren steeds beter. Echter, hun trainingsregime is onnatuurlijk vanuit het
perspectief van menselijke taalverwerving, dat veel interactiever is. Gemo-
tiveerd door deze observatie onderzoeken we een meer interactieve benadering
van taalmodellering in Hoofdstuk 6. We stellen een roadmap voor naar inter-
actieve taalmodellering en zetten de eerste stappen op deze roadmap die de
initiële haalbaarheid van onze aanpak aantonen.


