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Introduction

CoNLL is a conference organized yearly by SIGNLL (ACL’s Special Interest Group on Natural Language
Learning), focusing on theoretically, cognitively and scientifically motivated approaches to computatio-
nal linguistics. This year, CONLL was held alongside EMNLP 2024.

The program of CoNLL 2024 comprises 40 papers. This was the result of a careful selection process.
Reviewing 97 received submissions resulted in a 41% acceptance rate.

Reviewing was organized into 10 tracks, each of them headed by one or two area chairs:

* Computational Psycholinguistics, Cognition and Linguistics (Nathan Schneider)
* Computational Social Science (Kate Atwell)

* Interaction and Grounded Language Learning (Anthony Sicilia)

* Lexical, Compositional and Discourse Semantics (Shira Wein)

* Multilingual Work and Translation (Yuval Marton)

» Natural Language Generation (Tuhin Chakrabarty)

* Resources and Tools for Scientifically Motivated Research (Venkat)

* Speech and Phonology (Huteng Dai)

» Syntax and Morphology (Leshem Choshen)

* Theoretical Analysis and Interpretation of ML Models for NLP (Kevin Small)

We thank our reviewers and area chairs for curating the program. The conference also invited Thamar So-
lorio and Lorna Quandt to present keynotes, and included a session of additional papers on the BabyLM
Challenge, a shared task that challenges community members to train a language model from scratch on
the same amount of linguistic data available to a child in addition to multi-modal data.

We would like to acknowledge support from our sponsor, Google DeepMind.
Malihe Alikhani (Northeastern University)

Libby Barak (Montclair State University)
CoNLL 2024 conference co-chairs
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Keynote Talk
Towards AI models that can help us to become better global
social beings

Thamar Solorio
Mohamed bin Zayed University of Artificial Intelligence, MBZUAI

Abstract: Cultural norms and values fundamentally shape our social interactions. Communication wi-
thin any society reflects these cultural contexts. For example, while direct eye contact is often seen as
a sign of confidence in many Western cultures, it may be viewed as disrespectful in other parts of the
world. Moreover, human-human interactions include so much more than just the words we utter; non-
verbal communication, including body language and other cues, provides rich signals to those around
us.

As vision language models (VLMs) are increasingly integrated into user-facing applications, it is beco-
ming relevant to wonder if and to what extent this technology can robustly process these signals. My
research group is interested in developing evaluation frameworks to assess the abilities of VLMs concer-
ning interpreting social cues and in developing new approaches that can assist us and, perhaps, enhance
our cross-cultural human-human interactions.

Bio: Thamar Solorio is a professor in the NLP department at MBZUALI. She is also a tenured professor of
Computer Science at the University of Houston. She is the director and founder of the RiITUAL Lab. Her
research interests include NLP for low-resource settings and multilingual data, including code-switching
and information extraction. More recently, she was moved towards language and vision problems, focu-
sing on developing inclusive NLP. She received a National Science Foundation (NSF) CAREER award
for her work on authorship attribution and was awarded the 2014 Emerging Leader ABIE Award in Ho-
nor of Denice Denton. She served two terms as an elected board member of the North American Chapter
of the Association of Computational Linguistics (NAACL) and was PC co-chair for NAACL 2019. She
is an Editor in Chief for the ACL Rolling Review (ARR) initiative and was a member of the advisory
board for ARR. She serves as general chair for the 2024 Conference on Empirical Methods in Natural
Language Processing.
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Keynote Talk
Integrating AI-Driven Sign Language Technologies in
Education: Recognition, Generation, and Interaction

Lorna Quandt
Gallaudet University

Abstract: This talk explores integrating Al-driven technologies in sign language research, covering the
unique challenges of sign language recognition and generation. Dr. Quandt will explore these cutting-
edge considerations through the lens of two research projects, ASL Champ! and BRIDGE. Both projects
focus on sign language recognition and generation, which is crucial for advancing interaction in virtual
and educational environments. ASL Champ! utilizes a dataset of 3D signs to enhance deep-learning-
powered sign recognition in virtual reality. At the same time, BRIDGE extends this work by incorpora-
ting both recognition and generation of signs to create a more robust, interactive experience. This dual
focus underscores the importance of pursuing recognition and generation in tandem rather than trea-
ting them as entirely distinct challenges. By leveraging advances in Al and natural language processing
(NLP), we can create technologies that recognize and generate signs and facilitate deeper understanding
and use of signed languages. These advancements hold great educational potential, particularly in provi-
ding more accessible tools for deaf students and enabling broader instruction in sign language. The talk
will also address how these innovations can reshape the NLP field by widening the focus beyond spo-
ken/written language and into multimodal, signed, and nonverbal aspects of language, which can inform
all linguistic research.

Bio: Dr. Lorna Quandt is the Action & Brain Lab director at Gallaudet University in Washington, D.C.
She serves as Co-Director of the VL2 Research Center alongside Melissa Malzkuhn. Dr. Quandt is an
Associate Professor in the Ph.D. in Educational Neuroscience (PEN) program and the Science Director
of the Motion Light Lab. Dr. Quandt founded the Action & Brain lab in early 2016. Before that, Dr.
Quandt obtained her BA in Psychology from Haverford College and a PhD in Psychology, specializing
in Brain & Cognitive Sciences, from Temple University. She completed a postdoctoral fellowship at the
University of Pennsylvania, working with Dr. Anjan Chatterjee. Her research examines how knowledge
of sign language changes perception, particularly visuospatial processing. Dr. Quandt is also pursuing
the development of research-based educational technology to create new ways to learn signed languages
in virtual reality.
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Words That Stick: Using Keyword Cohesion to Improve Text Segmentation

Amit Maraj
Ontario Tech University
2000 Simcoe St N., Oshawa, ON
amit.maraj@ontariotechu.net

Miguel Vargas Martin
Ontario Tech University
2000 Simcoe St N., Oshawa, ON
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Masoud Makrehchi
Ontario Tech University
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Abstract

Text Segmentation (TS) is the task of segment-
ing bodies of text into coherent blocks, mostly
defined by the topics each segment contains.
Historically, techniques in this area have been
unsupervised, with more success recently com-
ing from supervised methods instead. Although
these approaches see better performance, they
require training data and upfront training time.
We propose a new method called Coherence,
where we use sentence embeddings to pull rep-
resentational keywords as the main constructor
of sentences when comparing them to one an-
other. Additionally, we include a storage of pre-
viously found keywords for the purposes of cre-
ating a more accurate segment representation
instead of just the immediate sentence in ques-
tion. We show improved results over current
state-of-the-art unsupervised techniques when
analyzed using P}, and WindowDiff scores. Co-
herence also requires no fine-tuning.

1 Introduction

We present Coherence, a method that utilizes re-
lated words and their contextual meanings within
sentences for effective Text Segmentation (TS).
In the past decade, advancements in the field of
TS have been primarily dominated by supervised
techniques (Badjatiya et al. (2018), Koshorek et al.
(2018), Somasundaran et al. (2020), Barrow et al.
(2020), Lo et al. (2021), and Inan et al. (2022)),
which require training data and are computed on
a sentence-wise basis (i.e., each sentence is com-
pared with adjacent sentences for evaluation). In
contrast, Coherence uses contextual keyword em-
beddings for comparison, reducing potential noise
and unnecessary sentence-level information that
may not be helpful to the TS task.

Coherence uses a sliding window technique, tra-
ditionally used in supervised TS, to predict segment
breaks (e.g., P(Sp—1,Sn, Sn+1) = 1). However,
Coherence enhances this method by incorporating

contextual information (through contextual key-
word embeddings).

Coherence demonstrates performance improve-
ments, particularly in Py scores, and does not re-
quire fine-tuning. By leveraging pre-trained sen-
tence encoders like BERT, LaBSE, and S-BERT,
Coherence leverages extracted keywords to form
an end-to-end flow. The core of Coherence lies in
collecting and utilizing important keywords dur-
ing the segmentation process. These keywords are
represented as contextual embeddings, capturing
essential information about their usage within sen-
tences (for example, differentiating “bridge” in the
context of crossing a river from “bridge” in the con-
text of a human’s nose). This process is inspired
by the multi-headed attention mechanism in the
Transformer architecture, providing a nuanced un-
derstanding of sentence relationships without the
need for extensive training and data.

1. A novel approach to unsupervised TS that
achieves state-of-the-art (SOTA) results on
a variety of diverse and widely accepted TS
datasets in the research community.

* Coherence does not require fine-tuning
and is shown to perform competitively
and even outperform current SOTA unsu-
pervised systems in some benchmarks.

 Using pre-trained sentence embeddings,
Coherence leans on both similar and di-
verse keywords to create more orthogo-
nality in representations of sentences.

2. A keyword collection mechanism called Key-
word Map, which creates segment representa-
tions through its most important keywords.

* The Keyword Map stores important
sentence-based representations through
contextual keywords for later reference
during comparison.
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3. An approach to unsupervised TS that has ex-
plainability in the prediction process, through
the extraction of important keywords.

We show that without the need for expensive
fine-tuning and highly-dimensional sentence em-
beddings as training data, we can achieve perfor-
mance improvements in a space that has been more
recently dominated by advancements in supervised
learning. Using orthogonal keywords in addition
to similar keywords provides more breadth in key-
word representation to further bolster results. All
our code can be found on the Human-Machine Lab
GitHub Repository .

2 Related Works

Initially, Hearst (1997) introduced TextTiling,
an unsupervised algorithm that identifies seg-
ment boundaries through lexical overlaps. Sim-
ilarly, Choi (2000) demonstrated the efficacy of
unsupervised methods by analyzing sentence sim-
ilarities, categorizing their work within linear TS
methodologies. These initial contributions set a
new standard in the field.

The landscape of TS shifted with the advent of
advanced word and sentence embeddings, paving
the way for supervised techniques. Koshorek et al.
(2018) explored the potential of processing large
TS datasets through a Bi-LSTM, analyzing three
sentences at a time to understand their interrela-
tions. Building on this, Badjatiya et al. (2018)
proposed a sentence-wise model utilizing attention
mechanisms to enhance performance further. Re-
cent supervised approaches have increasingly incor-
porated LSTMs and Transformers as foundational
components, as seen in works by Somasundaran
et al. (2020), Barrow et al. (2020), Lo et al. (2021),
and Inan et al. (2022). These studies have show-
cased the effectiveness of adding topic information
and emphasizing sentence contextuality in achiev-
ing top-tier results.

Despite the dominance of supervised models,
unsupervised TS techniques continue to show
promise. Misra et al. (2009) revisited the clas-
sic TextTiling approach, refining it with LDA to
identify more precise keywords. Riedl and Bie-
mann (2012) combined LDA and TextTiling for
another innovative unsupervised solution. Further-
more, Glavas et al. (2016) introduced a novel unsu-
pervised graph-based method, analyzing sentences

"https://github.com/HumanMachinelLab/Coherence

as nodes within a graph to predict segment bound-
aries. These unsupervised models underscore the
ongoing exploration and diversity in TS methodolo-
gies. While unsupervised approaches in the field
continue to be important due to their flexibility
and lack of need for domain-specific training data,
more research has recently focused on supervised
approaches. Fragkou et al. (2004)’s approach to
TS relied upon within-segment word similarity and
prior information about segment length, but does
not incorporate inter-sentence comparisons. In con-
trast, Brants et al. (2002) approaches unsupervised
TS by using Probabilistic Latent Semantic Anal-
ysis (PLSA) to identify similar words an in inter-
sentence level. They then apply a TextTiling based
approach for identifying changes in frequency be-
tween sentences.

Another technique by Solbiati et al. (2021) takes
a unique approach to unsupervised TS by group-
ing a series of sentences together, stacking them
on top of each other, and performing max pool-
ing. The resulting matrix is a mixture of sentences,
which can then be used to compare to other matri-
ces. They perform their analysis on meeting data,
which shows improvements upon other techniques.
More recently, John et al. (John et al., 2017) utilize
an LDA-based TextTiling approach that produces
strong results. The boundary adjustment technique
proposed in this work is a retroactive solution to
TopicTiling (Riedl and Biemann, 2012) that helps
improve results.

3 Methodology

The core of Coherence is its ability to pull out key-
words from provided sentences. To accomplish
this, we use a library called KeyBERT 2. This li-
brary goes through each word in a sentence, creates
an embedding for the word and compares it with
the embedding of the sentence at hand. Keywords
are identified as the ones with a higher similarity
to the sentence embedding. Because of this, there
is no need to globally scan the document before-
hand, which other techniques like TF-IDF and LDA
require. Utilizing BERT allows the KeyBERT li-
brary to effectively look into the attention being
paid at every word and phrase to identify important
words. KeyBERT has been shown to outperform
other topic modelling and keyword extraction tech-
niques like LDA and YAKE (Campos et al., 2020).

We also consider the use of an LDA based ap-

Zhttps://github.com/MaartenGr/KeyBERT


https://github.com/HumanMachineLab/Coherence
https://github.com/MaartenGr/KeyBERT

San Sebastian features an oceanic climate (Koppen Cfb) with warm summers and cool winters.

Like many cities with this climate, San Sebastian typically experiences cloudy or overcast conditions

for the majority of the year, typically with some precipitation.

The first evidence of human stationary presence in the current city is the settlement of Ametzagafia,

between South Intxaurrondo and Astigarraga. The unearthed remains, such as carved stone

used as knives to cut animal skin, date from 24,000 to 22,000 BC.

>~ overcast, precipitation, cloudy

7 astigarraga, ametzagafa, paleolithic

L

San Sebastian is thought to have been in the territory of the Varduli in Roman times.

East of the current city lay the Basque Roman town of Oiasso (Irun)

oiasso, varduli, irun

Figure 1: Topics gathered throughout the keyword extraction phase within the “wiki” dataset. Due to the natural pruning of the
Keyword Map, only the most pertinent topics are retained. Additionally, importance of the keyword to its original
sentence is also maintained. Results shown here are extracted from the “wiki” dataset starting at sample 643.

proach, such as BERTopic ? as the keyword extrac-
tor, but elect to stick with KeyBERT due to the
following advantages:

* Pulling keywords using KeyBERT does not
require upfront training, whereas BERTopic
does.

* Because BERTopic uses LDA to pull topics,
the requirement to be aware of the entire doc-
ument’s worth of text beforehand increases
processing time and reduces flexibility.

* Inherently, LDA does not use word embed-
dings to pull important topics, which means
that extracted words are in the form of text.
Since our technique compares words in vector
space, constructing embeddings for extracted
words will not retain sentence contextuality.

Coherence is broken down into two major phases.
We use sentences to denote the important keywords
derived from said sentences - sentences are not
compared verbatim, rather the keywords that make
up the sentence are compared. At every step, the
current sentence is compared against prior sen-
tences, as long as they exist in the Keyword Map
(we elaborate on conditions where a sentence’s key-
words would not end up in the Keyword Map later
in this section).

3.1 Keyword Extraction Phase

In this phase, we use KeyBERT to extract important
keywords from sentences at each iteration. Key-
BERT uses BERT or any BERT-based model (e.g.,

Shttps://github.com/MaartenGr/BERTopic

RoBERTa, DistilBERT, ALBERT, etc.) to create
a representation of each sentence. It then takes
the sentence embedding and each respective word
embedding (as provided by BERT as well). The
higher the similarity between the word and the sen-
tence, the more likely it is considered a keyword.
After extraction, keywords are sorted in descending
order based on its importance to its parent sentence.
This importance is calculated based on how strong
the keyword is in similarity to its parent sentence.

3.2 Prediction Phase

In this phase, we use information from previous
sentences in the segment to compare with the key-
word representation of the current sentence.

Keyword Map. We first create a representation
of the current segment through storage of keywords
gathered throughout the iteration process. We de-
termine the top n keywords that should be stored
per sentence and save them in a map. We then use
this map to compare against the current sentence
during iteration. For example, when we store 3
keywords in the map per sentence and we are on
the fifth sentence in the segment, we will compare
the current sentence to 12 keywords in the map (3
keywords times 4 previous sentences).

When storing keywords in the map, we compare
the current sentence’s keywords to the pre-existing
keywords in the map. We take the most similar
(with respect to the pre-existing keywords in the
map) keywords in the current sentence and store it
in the map. This allows us to build a Keyword Map
that is representative of the overall topics within the
segment. After k (average length of segment size
in the dataset) sentences, we prune the Keyword
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Map at every step by removing the oldest set of
keywords, adopting a queue-based FIFO structure.

Comparison. The current sentence’s keywords
are compared to the previous sentence’s keywords
and every keyword in the Keyword Map. All
the comparisons are summed and then averaged
to get an overall similarity score. This similarity
score, which is calculated as shown in Formula 2,
ends up being a representation of how cohesive
the current sentence is with all the sentences pre-
vious to it. Words in earlier sentences of the seg-
ment are also de-emphasized so they do not hold
as much weight in the comparison as words that
are closer to the current sentence. A value of
1/distance(curr_sent, prev_sent) is applied to
all words in the previous sentence. For example, a
word embedding belonging to a sentence that oc-
curred 2 sentences prior will have a weight of 1/2
applied to it.

The output from the prediction phase is a logit
that is the average of all the comparisons between
the current sentences and every sentence in the
Keyword Map, which can be seen in Figure 3.

As shown in Figure 3, the Keyword Map is built
throughout the inference process. This map acts
as a representation of the segment currently being
scanned. Because important segment-based infor-
mation can exist in more places than the current
sentence, the Keyword Map builds a representation
of keywords found earlier in the segment.

During the prediction process, the contents of
the Keyword Map along with the current sentence’s
keywords in the sliding window are compared
using cosine similarity and an average. If the
contents of the Keyword Map and current sen-
tence are dissimilar enough (based on a parameter—
prediction_threshold), the system predicts a one,
indicating that the second sentence is the start of a
new segment. Upon a positive prediction, the Key-
word Map gets emptied so it can begin collecting
new keywords. If the Keyword Map and current
sentence are similar, the system predicts a zero and
continues to build the Keyword Map. To avoid the
Keyword Map becoming too large over time, es-
pecially with longer segments, it is pruned after n
size (e.g., if the Keyword Map has five sentences
worth of keywords and we add another sentence
worth of keywords, we remove the oldest sentence).
For example, we prune the map after it grows to
26 sentences (the average segment size) for the
Clinical dataset (Malioutov, 2006).

Values for the prediction_threshold are tested

between zero and one at every tenth interval and
notice that the lowest P, and WindowDiff scores
consistently show up when 0.5 is used.

4 Metrics

Two popular metrics that exist solely to benchmark
TS systems are P, and WindowDiff (WD), which
have become commonplace for work in the TS
field. P is the probability that a pair of chosen
sentences with a distance of k are incorrectly clas-
sified. Both the WD and P}, metrics use a sliding
window of fixed size w over the document and
compare the predicted segments with the reference
ones. k is determined as half of the average true
segment size of the document. Since P, and WD
are both penalty metrics, lower values indicate bet-
ter performance. While P, is the most widely and
still is the most accepted metric in the TS space,
WD was originally proposed as an update to the Py,
metric. Pj can be thought of as the probability that
two segments drawn from a document are incor-
rectly identified as belonging to the same segment.
WD operates almost identically, but uses a sliding
window to penalize systems that tend to overpre-
dict, resulting in false positives - something that
P, does not acknowledge as an errant prediction.
Both P and WD thus lie between zero and one and
an algorithm that assigns all boundaries correctly
receives a score of zero. WD is considered a bet-
ter measure than P as the P, metric suffers from
issues such as a lack of false positive prediction
penalization (Pevzner and Hearst, 2002).

5 Data

Unsupervised TS methods are often evaluated us-
ing constructed datasets, which amalgamate seg-
ments from varied sources into composite docu-
ments, as evidenced by studies from Choi (Choi,
2000) and Galley et al (Galley et al., 2003).

5.1 Choi Dataset:

Introduced by Choi (2000) in 2000, this dataset
has become a staple for TS research, refer-
enced in works by Misra et al. (2009), Brants
et al. (2002), Fragkou et al. (2004), Glavas et al.
(2016), Sun et al. (2008), and Galley et al. (2003).
It is crafted from the Brown corpus, containing 700
documents that simulate real text structure. The
compilation includes 400 documents with segments
varying from 3-11 sentences, alongside 100 docu-
ments for each segment length category: 3-5, 6-8,
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Formula 2: The similarity calculation between two sentences, where each keyword in the respective sentence is compared
with every other keyword in the comparing set of keywords (e.g., the set of w keywords are gathered from S,, and the set of u
keywords are gathered from S, 1), where w and w are keywords. Each line indicates a cosine similarity calculation and once all
the calculations are done from a keyword on the left to all keywords on the right, they are summed and averaged. This process
continues for all the keywords and the total average is taken. Additionally, each keyword (w of S, ) has a weighting applied to it,
indicating its importance to the sentence it was derived from originally.
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Figure 3: Architecture for Coherence. Keywords extracted from in the extraction phase are passed toward the prediction phase
and stored in the Keyword Map. The current sentence’s keywords are derived from current and previous sentences and
are denoted with h, 4, j, k, and {. The output from the prediction phase is a logit that is representative of the cohesion
between the current sentence’s keywords and the keywords compared to from the Keyword Map.

and 9-11 sentences.

5.2 Manifesto Dataset:

To complement the synthetic Choi dataset, Coher-
ence’s effectiveness is also tested on real political
texts from the Manifesto Project dataset. This col-
lection of documents has been meticulously seg-
mented into seven topics, such as economy and
welfare, and foreign affairs, by field experts. The
curation of this dataset is attributed to Glavas et al.
(2016).

5.3 Clinical Dataset:

We also use the Clinical dataset put together
by Malioutov (2006) to showcase our results. This
dataset consists of a set of 227 chapters from a med-
ical textbook. Each chapter is marked into sections
indicated by the author which forms the segmenta-
tion boundaries. It contains a total of 1136 sections.

5.4 Fiction Dataset:

To include even more diversity in our results, we
also showcase our results on the Fiction dataset put
together by Kazantseva and Szpakowicz (2011),
which is a collection of 85 fiction books down-
loaded from Project Gutenberg. Segmentation
boundaries are the chapter breaks in each of the
books.

5.5 Wiki Dataset:

Finally, we test Coherence’s performance on a cu-
rated Wikipedia dataset, introduced by Badjatiya
etal. (2018), is also presented. This dataset consists
of randomly selected set of 300 documents having
an average segment size of 26. The documents
widely fall under the narrative category.



6 Results

Coherence shows and improvement over SOTA
unsupervised results in the space. Results are
reported on the Choi, Manifesto, Clinical, Fic-
tion, and Wiki Datasets (Choi (2000), Glavas et al.
(2016), Malioutov (2006), Kazantseva and Sz-
pakowicz (2011), Badjatiya et al. (2018)). Our
performance on these datasets shows the versatil-
ity of Coherence. This gives us hope that with
the use of pre-trained models, unsupervised ap-
proaches can prove to be viable in the TS space.
Results on the Choi and Manifesto datasets are re-
ported against pre-existing SOTA unsupervised TS
approaches. Results for the Clinical, Wiki, and Fic-
tion datasets are compared against Badjatiya et al.
(2018)’s work.

Results on the Clinical and Fiction datasets are
competitive with Badjatiya et al. (2018)’s pre-
existing supervised approach. Coherence does not
do as well on the Wiki dataset however. We be-
lieve this is due to the subjectivity in TS datasets
at the labelling level. The Wiki dataset has an av-
erage segment length of 26 sentences for example.
On Choi’s dataset, Coherence performs extremely
well, outperforming all previous SOTA unsuper-
vised TS techniques. Coherence also performs
competitively, with stronger results in the WD met-
ric on the Manifesto dataset. This performance
improvement on WD versus P indicates that Co-
herence makes less false positive predictions than
pre-existing techniques.

We show that, in comparison to previous SOTA
unsupervised techniques, Coherence outperforms
in a variety of datasets using both the P, and WD
metrics as benchmarks. This comes without the
need for fine-tuning or domain adaptation. Since
the keyword extraction phase of Coherence is mod-
ular, we believe that as sentence and word embed-
ding technology continues to improve, so will the
results of Coherence.

The lack of need for fine-tuning a model is ad-
vantageous and as of such, each round of infer-
ence takes roughly 25ms - 125ms on a cloud-based
A100 GPU. Additionally, Coherence provides util-
ity without the need for training or domain adap-
tation. The lightweight lift of Coherence allows
it to be used against various datasets, due to the
strength of the sentence encoder. The applicability
of Coherence to new and unseen test datasets can
prove to be useful in production settings.

7 Limitations

Coherence shows improvements over pre-existing
SOTA unsupervised systems such as TopicTil-
ing (Riedl and Biemann, 2012) and Graph-
Seg (Glavas et al., 2016).

The authors for the works found in Table 2 do not
present their findings using the same metrics, nor
do they provide their codebase, and due to resource
limitations, we are not able to replicate their works
to evaluate and report on WD. We acknowledge
that this is a limitation of our work, but we also
illustrate the strengths and improvements of our
system using a wide array of available datasets.

Some reliance for Coherence comes from the
pre-trained sentence encoder (KeyBERT) in the
keyword extraction phase. Although this seems
like a limitation, it can be a strength in the flexibil-
ity of the system. Future iterations of pre-trained
sentence encoders can be used to replace KeyBERT
and enhance Coherence’s output. We show the flex-
ibility of our system by achieving superior results
on a wide array of available datasets without the
need for tedious fine-tuning. This implies that as
keyword extraction techniques become stronger, so
shall our system.

Most of the processing time comes from the key-
word extraction phase, due to the keyword extrac-
tion library. Roughly 90% of this time comes from
the keyword extraction phase, whereby KeyBERT
needs to compare every keyword with its parent
sentence embedding. The majority of the RAM
utilization also comes from this phase, as the em-
bedding model (LaBSE in our case) is loaded into
memory for inference. In our experiments, Co-
herence required less than 3GB RAM throughout
testing. With techniques like quantization, smaller
models can perform this keyword extraction step
more efficiently. This limitation is due to the se-
lected keyword extraction library; KeyBERT in
our case. The majority of processing time in the
KeyBERT library comes from creating contextual
embeddings for each sentence before comparing
each word in the sentence it was pulled from with
the sentence itself.

8 Conclusion

In this work, we present Coherence, which is a
novel approach to unsupervised TS that leverages
contextual keywords from sentences to represent
text segments. We show that the emphasis on
contextual keywords can build representations of



Clinical Wiki Fiction
Pl WD | Pl WD | Pl WD |
Badjatiya et al. (2018) 33.0 31.0 34.0 32.0 38.0 31.0
Coherence 37.1 38.9 50.2 53.4 35.7 61.6

Table 1: Results on the “clinical”, “wiki”, and “fiction” datasets (Badjatiya et al., 2018; Malioutov, 2006; Kazantseva and
Szpakowicz, 2011). We compare our results to Badjatiya’s fine-tuned neural model and show competitive results,

without the need for fine-tuning.

3-5 6-8 9-11 3-11
Pl WD | Pyl WD | Pyl WD | Pyl WD |
Choi (2000) 12.0 - 9.0 - 9.0 - 12.0 -
Brants et al. (2002) 7.4 - 8.0 - 6.8 - 10.7 -
Fragkou et al. (2004) 5.5 - 3.0 - 1.3 - 7.0 -
Misra et al. (2009) 23.0 - 15.8 - 14.4 - 16.1 -
Glavas et al. (2016) 5.6 8.7 7.2 9.4 6.6 9.6 7.2 9.0
Coherence 44 6.2 31 33 2.5 2.6 4.0 4.4

Table 2: Results on the synthetic Choi (Choi, 2000) dataset.

Pyl WD |
Riedl and Biemann (2012) 33.39 38.31
Glavas et al. (2016) 28.09 34.04
Coherence 31.71 33.42

Table 3: Results on the Manifesto (Glavas et al., 2016) Dataset. We show the versatility of Coherence providing competitive

results in a different domain.

segments, which can be used for TS. Coherence
demonstrates improvements over SOTA unsuper-
vised TS techniques, particularly in the metrics of
P, and WindowDiff. The main contributions of
Coherence include the diverse extraction of key-
words and an efficient keyword collection mecha-
nism which we termed Keyword Map.

Our results on the Choi, Manifesto, Clinical,
Wiki, and Fiction datasets show that Coherence
can perform well in a variety of domains. While
we also include our results on the newer WikiSec-
tion dataset, other supervised TS approaches show
superior results.

Future work will focus on enhancing Coherence
to consider the contextual relationship between ex-
tracted keywords, while exploring the method’s
applicability across various domains and datasets.
Coherence offers a solution that can be adapted to
various domains without the need for fine-tuning.
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A Appendix

Algorithm 1: Coherence
Result: Extract similar and diverse keywords with globally informed context through sentence
batching.
keywords < keyword_extraction([s0,...,s9]) ; /* s@, ..., s9 are sentences. */
keyword_map = [];
similarities = [];
predictions = [J;
for i...len(keywords) do
curr_kws < keywords[i + 1];
prev_kws < keyword_mapl0...1];
for w € curr_kws do
for k € prev_kws do
similarity < cosine_similarity(k,w);
similarities.insert(similarity);
if similarity >= coherence_threshold then

gits_map.insert(w) ; /* Add new keyword to map. */
end
end
end
if avg(similarities) >= coherence_threshold then
‘ predictions.insert(0) ; /* The current sentence is similar */
else
‘ predictions.insert(1) ; /* The current sentence is not similar */
end
end
return predictions

Description: coherence_threshold is a hyperparameter set between 0 and 1, which can be used to
enforce the strength keywords need to have between each other for entrance into the Keyword Map.
Through our testing, we notice that this value will vary depending on the sentence encoder used (LaBSE
in our case), since the strength of each keyword and its parent sentence are directly related to the encoder.
To that end, we find the best results (based on P, and WindowDiff scores) when this value is set to 0.7.
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Abstract

Selectively processing noisy utterances while
effectively disregarding speech-specific ele-
ments poses no considerable challenge for hu-
mans, as they exhibit remarkable cognitive
abilities to separate semantically significant
content from speech-specific noise (i.e. filled
pauses, disfluencies, and restarts). These abil-
ities may be driven by mechanisms based on
acquired grammatical rules that compose ab-
stract syntactic-semantic structures within utter-
ances. Segments without syntactic and seman-
tic significance are consistently disregarded in
these structures. The structures, in tandem with
lexis, likely underpin language comprehension
and thus facilitate effective communication. In
our study, grounded in linguistically motivated
experiments, we investigate whether large lan-
guage models (LLMs) can effectively perform
analogical speech comprehension tasks. In par-
ticular, we examine the ability of LLMs to ex-
tract well-structured utterances from transcrip-
tions of noisy dialogues. We conduct two eval-
uation experiments in the Polish language sce-
nario, using a dataset presumably unfamiliar
to LLMs to mitigate the risk of data contami-
nation. Our results show that not all extracted
utterances are correctly structured, indicating
that either LLMs do not fully acquire syntactic-
semantic rules or they acquire them but can-
not apply them effectively. We conclude that
the ability of LLMs to comprehend noisy utter-
ances is still relatively superficial compared to
human proficiency in processing them.

1 Introduction

In the field of natural language understanding
(NLU), efforts are directed towards simulating
human language comprehension using language
modelling techniques. A crucial aspect of this pur-
suit involves the development of large language
models (LLMs), which play a pivotal role in nu-
merous natural language processing (NLP) tasks
(Vaswani et al., 2017; Rajpurkar et al., 2016; Yang

10

et al., 2019), tailored for comprehension, genera-
tion, and manipulation of natural language. NLU
research also aims to identify LLMs’ shortcom-
ings, to reverse-engineer phenomena that LLMs fail
to address. Despite impressive capabilities, LLMs
have not achieved the comprehensive and nuanced
linguistic competency inner to human beings (Mao
et al., 2023) and their further study is necessary.
LLMs undergo training on extensive and varied
datasets, which include textual data, code-based
data, structured datasets, and other data sources.
Textual data exhibits significant diversity, compris-
ing edited texts, content from social media plat-
forms as well as speech transcriptions, such as
parliamentary proceedings or pretended dialogues
within narratives or subtitles. Despite spoken lan-
guage’s dominance in daily communication and the
availability of high-quality transcription tools, it re-
mains unexplored whether processing transcribed
utterances is challenging for LLMs. Motivated by
this observation, we aim to examine whether LLMs
can effectively address challenges akin to those
faced by humans during comprehending utterances.
Speech understanding is a complex cognitive
process that plays a fundamental role in human
communication. The nature of speech comprehen-
sion is multifaceted, influenced by neurological,
cognitive and linguistic factors. This study focuses
on the linguistic dimension. When decoding spo-
ken messages, humans struggle with phonologi-
cal difficulties (Vitevitch and Luce, 1998), includ-
ing phonological similarity and ambiguity among
words, and individual phonemic variations. This as-
pect is irrelevant to the current study, as we solely
investigate the processing of texts (transcriptions).
The comprehension of spoken utterances can be af-
fected by syntactic complexity. Processing complex
sentences may increase a cognitive cost and result
in comprehension difficulties (Friederici, 2002).
The semantic aspects of speech understanding are
thoroughly researched. For instance, Rodd et al.
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(2016) investigated the process of word-sense dis-
ambiguation and its associated challenges.

To comprehend an utterance, separating semanti-
cally significant content from speech-specific noise
is crucial. The ability to filter out noise and se-
lectively compose only the semantically relevant
information is inherent to humans. Since it remains
unexplored whether LLMs can perform this task
effectively, we address this issue through linguisti-
cally motivated evaluation tasks in the Polish lan-
guage scenario. In Section 2, we introduce the
proposed approach with its primary objective to
determine whether LLLMs are capable of identify-
ing well-structured utterances in transcriptions of
authentic spontaneous utterances that incorporate
noisy speech-specific segments. In Sections 3 and
4, we outline the experimental setup and discuss
the results of the empirical evaluation. Section 5
provides the contextual backdrop for our research,
while Section 6 concludes our research findings.

2 Proposed approach

Processing spoken data is often more challenging
when contrasted with processing genuine written
texts. Firstly, spoken words may be obscured by
background sounds, resulting in transcription gaps.
Secondly, the application of automated transcrip-
tion and punctuation recovery tools can yield lexi-
cal and punctuation errors in transcriptions. Thirdly,
the written mode tends to be more standardised,
whereas the spoken mode often features informal
and colloquial language. Finally, and most impor-
tantly in the context of this study, speech-specific
elements such as fillers, self-corrections, and false
starts increase the complexity of understanding spo-
ken data compared to written texts.

In the era of robust and advanced LLMs, util-
ising them for processing transcribed spoken data
emerges as a rational choice. Nevertheless, uncer-
tainties arise regarding their ability to identify in-
tended content to be comprehended in possibly
noisy utterances. This study examines whether
LLMs possess the competence to selectively pro-
cess noisy utterances while ignoring non-fluency
features. We investigate the capabilities of LLMs
in (1) extracting well-formed sentences determined
by abstract syntactic-semantic structures (see Sec-
tion 2.1) from noisy utterances; (2) disregarding
speech-specific elements (see Section 2.2) that do
not contribute to utterance understanding.

To ascertain the ability of LLMs to disregard
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speech-specific elements and to recognise well-
formed sentences within noisy utterances, we em-
ploy the prompting methodology (see Section 2.3).
Based on predefined prompts, LLMs are instructed
to identify and subsequently output all tokens com-
posing well-structured utterances. LLMs’ perfor-
mance in extracting refined utterances and filtering
non-fluency features is evaluated against a gold-
standard dataset (see Section 2.4).

2.1 Abstract syntactic-semantic structure

Each sentence serves an intentional function and
conveys meaning. The principles governing sen-
tence construction, specifically those encompassing
syntactic and semantic aspects, are inherently com-
positional. Syntax, responsible for allowed compo-
sitions, operates in tandem with semantics, i.e. the
composition of well-formed expressions is contin-
gent upon syntactic rules intrinsically linked with
semantic rules. Syntactic rules, founded on word or-
der, agreement, and government principles, dictate
the permissible compositions of words, phrases,
and clauses. Semantic rules, in turn, determine how
the meaning of these composed expressions is de-
rived from the meanings of their components (Par-
tee, 1984, 2004; Jacobson, 2014). In language ac-
quisition, humans internalise these rules and, draw-
ing on their linguistic competence, are able to pro-
duce and process inherently structured sentences.
The question of whether humans derive separate
syntactic and semantic structures or a single uni-
fied compositional structure remains challenging to
answer due to the lack of direct access to cognition
mechanisms. As a compromise solution, we refer
to this structure as the abstract syntactic-semantic
structure (AS).

The process of composing inner ASs is a funda-
mental feature of human language comprehension.
When reading or hearing sentences, humans parse
them in line with their linguistic competence, sub-
consciously constructing ASs of these sentences.
The ASs function as links or interfaces for decoding
sentences to their intended meanings, i.e. enabling
their understanding. While processing speech, hu-
mans encounter an additional challenge, namely the
necessity to selectively disregard speech-specific
elements (see Section 2.2). Composing these ele-
ments with semantically relevant content violates
syntactic and/or semantic rules. Only segments re-
sulting from an inner filtering process are permitted
to compose a coherent and cohesive AS — the foun-
dation for comprehending language.



]’00[
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D (advmod) (iob)
mech pam @ to @ to ja pani podam maila , |(yy)|] a pani mi przeSle szczegély
o you .. I you willgive email , (yy) and you me willsend  details
O
4dvmo . | ‘
: C B B to ]a pani podam maila , C] a pani mi przeSle szczegély
you will give email and you me willsend  details

Figure 1: The original utterance transcription is depicted in the upper UD tree. The bottom UD tree, obtained via
filtering speech-specific elements from the upper tree, serves as an approximation of the abstract syntactic-semantic
structure of the well-formed sentence "to ja pani podam maila, a pani mi przeSle szczegoty" (Eng. I will give you my

e-mail address and you will send me the details).

The exact form of the AS established through
cognitive parsing (Ding et al., 2016) remains in-
determinate. Various proposals have emerged re-
garding its potential representations to facilitate
linguistic research and support NLP. One widely
adopted framework is Universal Dependencies
(UD, de Marneffe et al., 2021), which primarily
focuses on syntactic relations but also includes
semantics facets, such as the distinction between
functional and content words, thematic role ex-
tensions, and named entities. UD trees also cover
speech-specific phenomena. Thereupon, we anchor
our research within this framework and use UD
trees to approximate ASs.

2.2 Examined speech-specific phenomena

Conversations involve at least two speakers and
are structured into alternating turns. A turn that
is a continuous utterance of a speaker serves as
a primary unit for linguistic analysis. Apart from
an intended content, utterances may also include
interruptions or extra elements commonly found in
spoken language: non-linguistic tokens, disfluen-
cies, and restarts.

2.2.1 Non-linguistic tokens

Non-linguistic tokens are segments distinctive to
spoken language, i.e. silent and non-silent pauses
(fillers). Both types of pauses occur when the
speaker momentarily suspends their speech produc-
tion. Intervals of silence can be transcribed as ‘...’
and inarticulate sounds can be denoted as ‘(yy)’ in
transcripts. Pauses are annotated with the discourse
UD dependency type (see Figure 1).
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2.2.2 Disfluencies

Disfluencies are interruptions or irregularities that
disrupt the smoothness of speech and serve as in-
dicators of uncertainty and hesitation, or the need
to clarify or amend a statement. Disfluencies are
commonly rectified through speech corrections. In-
stances of disfluency cases include (1) repetitions,
e.g. ‘two, ei... eight, one, five’, (2) substitutions,
e.g. ‘I received... we received a message’, (3) refor-
mulations, e.g. ‘We lost eight... seventy pounds’.
Disfluencies are annotated as dependents of their
corrections and are labelled with the reparandum
dependency type.

2.2.3 Restarts

Restarts refer to clauses or phrases that lack syn-
tactic connections to the antecedent string of to-
kens. These phenomena occur when a speaker aban-
dons the ongoing utterance and initiates a new one,
e.g. ‘cause I don’t have a..., I don’t remember the
password’ (the underlined string should be ignored
while composing the utterance meaning). Restarts
are annotated with the parataxis:restart UD type.

2.3 Prompt-driven cognisance of
well-structured utterances

The prompting technique consists in explicitly in-
structing LLMs to solve specific NLP tasks (Rad-
ford et al., 2019). Given a predefined prompt,
LLMs are directed to generate or analyse texts ac-
cording to the verbal instructions included in this
prompt. The prompting technique is valuable in
tailoring LLMs to specific NLP tasks and attaining
a degree of control over their responses.

In this approach, we prompt LLMs to extract
well-structured utterances while filtering speech-
specific elements. Despite the remarkable zero-



shot capabilities of LLMs, we apply the few-shot
paradigm (Brown et al., 2020) that involves provid-
ing input-output examples. The pairs of noisy input
utterances and well-structured output utterances
guide LLMs towards better performance.

The prompt-driven process of recognising well-
formed sentences within noisy utterances is illus-
trated in Figure 1. In the input utterance (i.e. tokens
of the upper UD tree), LLM seeks to identify noisy
substrings: the discourse fillers ‘...” and ‘(yy)’, the
reparandum subtree ‘fo...", as well as the false start
“To niech pani...’. Fillers and repetition strings rep-
resent conventional forms of noise that LLM should
easily detect. However, identifying substitutions,
reformulations, and false starts poses non-trivial
challenges, requiring deeper analysis of input ut-
terances. After filtering out non-fluency features,
LLM should output tokens that compose a gram-
matically coherent utterance, in line with its inher-
ent syntactic-semantic rules acquired during train-
ing. LLM does not see UD trees of input utterances
nor is it required to produce AS approximations
(i.e. UD trees or other human-conceptualised lin-
guistic representations). Instead, LLM is expected
to internalise ASs, akin to human language process-
ing, and employ rules used to build them to identify
tokens of well-formed sentences. Since predicting
ASs is not a prerequisite for comprehending sen-
tences, LLM is not instructed to do this.

2.4 Definition of evaluation tasks

Probing is a valuable methodology for uncover-
ing abilities and limitations of NLP models, while
solving specialised tasks (Conneau et al., 2018). It
contributes to the interpretation of the information
embedded in their internal representations.

The proposed probing tasks are designed to as-
sess the linguistic competency of LLMs in recog-
nising speech-specific noise and extracting well-
structured and coherent utterances. Our objec-
tive is to gain a deeper understanding of whether
LLMs have learned to distinguish semantically
relevant content from speech-specific noise dur-
ing training on extensive textual data. In all tasks,
we benchmark LIL.Ms’ output against the gold-
standard dataset, wherein tokens of well-structured
utterances are annotated as positive instances and
speech-specific tokens are negative instances.

2.4.1 Well-structure-task

It tests whether all tokens of well-structured utter-
ances are preserved in utterances output by LLMs.
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In particular, we test whether extracted tokens
indeed constitute well-formed and coherent sen-
tences, as determined by UD approximations.
Example: In Figure 1,' the well-structured utter-
ance (the bottom tree) adheres to the predicate-
argument structure of the predicate ‘podam’ (Eng.
I will give).

2.4.2 Discourse, reparandum, and restart

These tasks test whether all tokens of a particular
speech-specific type are correctly removed from
utterances output by LLMs. The additional goal of
these tasks is to identify which speech-specific phe-
nomenon poses the greatest challenge for LLMs.
Discourse-task The idea of this task is to check
whether LLM recognises non-linguistic tokens (i.e.
pauses and inarticulate sounds) and correctly filters
them out from final utterances.

Example: In Figure 1, there are three discourse

subtrees marked with O (brown boxes) that should
not appear in the final utterance.
Reparandum-task This task investigates whether
LLM recognises disfluencies (i.e. repetitions, sub-
stitutions, and reformulations) and correctly re-
moves them.

Example: There is one reparandum token marked
with () (a blue box). This token together with its
dependent discourse token (i.e. the string ‘fo...”)
should be excluded from the ultimate utterance.
Restart-task This task tests whether LLM
recognises all tokens of false start subtrees.
Example: There is one token with the
parataxis:restart label. Its head-subtree marked
with D (a green box) represents the false start
“To niech pani...’ that should not be in the final
utterance.

3 Experimental setup

3.1 Tested models

In this study, we examine various LLMs with the
transformer architecture (Vaswani et al., 2017).
First, we probe two powerful iterations of the
Generative Pre-trained Transformer (Brown et al.,
2020): GPT-3.5 and GPT-4, which are pre-trained
to predict the next token in a document. GPT-
3.5 is notable for its outstanding performance in
NLU tasks. GPT-4 (OpenAl, 2023), in turn, is a
multi-modal model that exhibits human-level per-
formance on various benchmarks. Furthermore,

'All probing tasks are illustrated based on the example
provided in Figure 1.



we evaluate publicly available LLMs, specifically
Llama 2 (Touvron et al., 2023) and Mistral 7B
(Jiang et al., 2023). Lastly, we examine Bielik
(Ociepa et al., 2024), the recently released Polish
LLM, which is derived from Mistral 7B.
Interacting via API, we prompt LLMs to extract
tokens of well-structured utterances from noisy in-
put utterances. As we aim for maximal determinism
in LLMs’ output, the temperature and the inference
parameter n are set to 0 and 1, respectively.

3.2 Probing dataset

DiaBiz (Pezik et al., 2022) is a large, annotated,
multi-modal dataset comprising recorded and tran-
scribed phone conversations in Polish. Its subset
of 101 dialogues (3421 turns and 82,806 tokens)
was manually annotated following the UD guide-
lines (de Marneffe et al., 2021). Each turn has
an assigned conventional UD structure. If a turn
comprises multiple sentences, their UD trees are
interlinked using the parataxis label. In addition
to the standard UD dependency types, the utter-
ance trees contain the discourse, reparandum and
parataxis:restart types.

We use the UD-annotated DiaBiz subset to con-
struct a probing dataset. The new dataset is struc-
tured in a JSON format (see Appendix A), where
each turn token is assigned the status value, either
True (indicating its presence in a well-structured
utterance) or False (denoting a speech-specific to-
ken unsuitable for inclusion in LLM’s output). The
dataset comprises 75,107 True-tokens, resulting
in an average of 21.95 tokens per well-structured
utterance. The remaining 7699 False-tokens build
subtrees of 5577 speech-specific phenomena (see
the labels-column in Table 3). These subtree to-
kens are slated for removal. Hence, in the context
of discourse, LLMs are tasked with eliminating
almost only speech-specific discourse tokens. For
each reparandum, LL.Ms are expected to remove
an average of two tokens, and for each restart, they
should identify and filter out an average of 8 tokens.

The discourse dependencies typically align with
individual tokens, whereas reparandum and the
heads of parataxis:restart allow for the removal
of other nested speech-specific dependencies. For
example, the second discourse token belongs to
the reparandum subtree (see the bottom UD tree
in Figure 1). In the JSON structure, each token of
a speech-specific subtree is annotated either as True
(indicating its removal in a particular probing task)
or False (indicating its preservation in a probing
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task). A single token may be annotated as True in
the context of multiple speech phenomena.

3.3 Prompt engineering

Various factors are considered to engineer prompts
that effectively guide LLM in extracting well-
formed sentences from noisy utterances. First, we
check whether providing an illustrative explana-
tion of speech phenomena or incorporating explicit
input-output examples (few-shot) in prompts en-
hances informativeness, finding the latter approach
more beneficial. Second, regarding input and out-
put formats, we note that only GPT-4 can reliably
process JSON structures. As GPT-3.5 and other
LLMs often generate incorrect JSON, they should
be instructed to use strings for both input and out-
put. Third, regarding the prompt language, i.e. En-
glish vs. Polish, we test different scenarios for the
Polish Bielik LLM and observe that the instruction
language has negligible impact on the resulting
answer. We draft diverse prompts and empirically
test LLMs with these prompts on a small set of 50
turns.

The final prompts (see Appendix B) are de-
signed to be universally applicable across all LLMs
rather than tailored to a specific LLM. They in-
struct LLMs to remove speech-specific disruptions
and output acceptable utterances (i.e. well-formed
phrases, sentences or sequences thereof). In addi-
tion to task-specific instructions, the prompts in-
clude a repertoire of speech-specific phenomena to
be addressed and details regarding input and output
formats, illustrated by examples.

4 Results

4.1 First experiment

To assess LLMs’ ability to extract well-structured
utterances from noisy transcriptions, their out-
comes are compared to gold standard utterances
from the probing dataset. The extraction quality
is measured using accuracy, precision, recall, Fy-
measure, and true negative rate (TNR), see Table 1.

The results confirm the superior performance
of GPTs compared to open LLMs, particularly in
recall (or sensitivity) values. GPT-4 and GPT-3.5
show high efficiency in extracting complete struc-
tures, with recall rates of 97% and 94%, respec-
tively. In contrast, Bielik demonstrates significantly
lower recall values of 74-75%, and Mistral and
Llama perform even worse, yielding structures that
are only approximately 50% complete.



LLM || accuracy precision recall F;|TNR|CPT
Llama 0.50 0.95 047 0.63| 0.78] 734
Mistral 0.56 098 0.52 0.68| 091 70.1
GPT-3.5 0.92 097 0.94 095| 0.69| 91.9
GPT-4 0.94 097 097 097| 0.69| 93.5
Bielik 0.74 095 0.75 0.84| 0.63| 78.1
Bielikpr 0.73 0.96 0.74 0.83| 0.69| 75.7

Table 1: Evaluation of LLMs’ performance in extract-
ing well-structured utterances from noisy transcriptions.
The subscript PL denotes prompts formulated in Polish.
CPT indicates the ratio of characters per turn.

To examine the disparity in recall values more
closely, we conduct a comparative analysis of the
number of extracted characters per turn.? GPT-4,
achieving the highest recall value, retrieves an av-
erage of 93.5 characters per turn (see the last col-
umn in Table 1). Open LLMs, in turn, demonstrate
lower recall values and lower character-per-turn
ratios. Calculating a correlation between character
counts and recall value reveals strong coefficients:
Pearson’s at 0.93 and Spearman’s at 0.95. Further-
more, GPT-4’s ratio of 93.5 characters per turn on
average is remarkably closer to the gold standard
ratio of 93.4. These nearly identical ratios suggest
that GPT-4’s extractions are relatively complete,
resulting in the higher recall value.

High and comparable precision scores among
LLMs indicate accurate extraction of positive in-
stances, i.e. tokens associated with ASs. We fur-
ther investigate LLM outputs for the correctness
and completeness of their predicate-argument struc-
tures, evaluating missing dependency types and
analysing their significance. Table 2 provides a sta-
tistical summary of missing dependency types, av-
eraged across the UD dependency type categories:
core arguments, non-core dependents, nominal de-
pendents, function words, and other dependents.

The most serious errors stem from the absence
of core arguments, which are vital for the coher-
ence of predicate-argument structures. In Bielik’s
extracted utterances, over a quarter of core argu-
ments are absent, signifying serious deficiencies
in their ASs. Similarly, Mistral’s and Llama’s out-
puts frequently miss multiple core arguments. GPT-
4’s outputs, in turn, omit only 1.4% of core argu-
ments, followed by GPT-3.5 with 3%, denoting that
most GPT-extracted utterances are well-structured

2Possible automatic tokenisation errors make token com-

parison unreliable. Therefore, we opt to count characters per
turn to mitigate this risk.
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and coherent, albeit not all of them. Non-core de-
pendents, with an average absence of 9-10% for
GPTs, 23-29% for Bielik, 53-60% for Mistral and
Llama, along with nominal dependents and func-
tion words, exhibiting an average omission of 23-
27% for Bielik, 40-60% for Mistral and Llama,
also contribute to the grammatical disruption of
the extracted utterances. Last but not least, the ab-
sence of predicates poses a significant deficiency,
particularly evident in GPT-3.5 and open LLMs,
where 8% and 22-35% tokens annotated as roots
(within Other dependents) are incorrectly filtered
out. This highlights a serious problem of missing
crucial constituents, which concurrently impacts
the overall quality of extracted utterances.

The vast majority of tokens in the input data,
specifically 90.7%, constitute well-structured utter-
ances. This simplifies the task for the tested mod-
els and may mask their limitations in accurately
identifying speech-specific elements that should be
classified as negative instances. For a precise eval-
uation of rejected tokens, i.e. those which LLMs
consider to be speech-inherent elements, we cal-
culate true negative rates (TNR). The TNR scores,
indicating the quality of detected speech-specific
segments, are lower in comparison to the accuracy
scores of extracting well-structured utterances by
Bielik and GPTs. The TNR scores for these three
models stand at 63-69%, while the average accu-
racy score is 73.5% for Bielik and even 93% for
GPTs. This suggests that GPTs and Bielik incor-
porate many infrequent speech-specific tokens into
the ultimate utterances. Llama and Mistral, in turn,
show significantly higher TNR scores, with Mis-
tral achieving 91%, indicating effective in-depth
control over speech-specific noise.

The final issue concerns out-of-vocabulary
(OOV) words, which are not part of input utter-
ances and ideally should not appear in LLMs’ out-
put. LLMs are prompted to filter words rather than
generate new ones or modify existing ones. Follow-
ing the prompt instructions is a major challenge
for Llama and Mistral that incorrectly generate
18K and 13K OOV words, respectively. Bielik is
more accurate in following instructions, as it out-
puts 3.6K OOV words in the experiment with the
English prompt and 2.6K OOV words with the Pol-
ish prompt. Both GPTs output a small number of
OOV words: GPT-3.5 generates 467 OOV words,
whereas GPT-4 produces 188 (see Appendix C for
a detailed analysis of OOV words).

The OOV words are currently not categorised as



Dependency category Llama . Mistral ‘ GPT-3.5. GPT4 . Bielik . BielikPL.

avg. ratio [ avg. ratio avg. ratio avg. ratio avg. ratio avg. ratio
Core arguments ccomp, iobj, nsubj, obj, xcomp

9255 59.50| 793.33 45.10] 65.00 2.99 | 33.60 1.44|433.17 27.52|441.67 26.46
Non-core dependents advcl, advmod, discourse:interj, expl, obl, vocative

1548.50 55.99]1591.17 53.02 |208.33 9.96 |136.50 8.87 | 729.33 23.51|728.83 29.15
Nominal dependents acl, amod, appos, nmod, nummod

555.00 50.17 | 45220 39.45| 29.80 3.11 | 8.60 0.56 | 272.40 23.74 | 255.60 22.95
Function words aux, case, cop, det, mark

1446.60 57.49 | 1442.60 59.42]104.00 4.31 | 44.20 1.97 | 664.00 26.65 | 627.80 24.92

cc, conj, dep, fixed, flat, list, orphan, parataxis, punct, root

Other dependents || 1555 60 55.41 | 1199.60 "S0.97 22750 10.75 1\p162.31§ 4.45 | $25.00 24.26 1927.89 26.10

Table 2: Evaluation of dependency category instances missing in LLMs’ outputs compared to gold-standard trees of
well-structured utterances. avg. — the average number of missing instances within a dependency type class; ratio —
the percentage of missing instances relative to gold standard.

gold-standard Llama Mistral GPT-3.5 GPT4 Bielik Bielikpr,
Type labels single [# (%)] tokens |tokens ratio |tokens ratio |tokens ratio |tokens ratio |tokens ratio |tokens ratio
discourse 3720 3780 (4.6) 3791 3125 82.4| 3769 99.4| 3203 84.5| 3420 90.2| 2859 75.4| 2961 78.1
reparandum || 1719 3880 (4.7) 3926| 2966 75.5| 3511 89.4| 2531 64.5| 2346 59.8| 2198 56.0| 2489 63.4
restart 138 1096 (1.3) 1109] 728 65.6| 896 80.8| 330 29.8| 362 32.6| 481 434| 580 52.3

Table 3: LLM performance in filtering speech-specific tokens from transcriptions. Explanation: labels — the number
of speech-specific instances; single — single speech-specific tokens outside well-formed utterances; tokens — the
number of tokens filtered or to be filtered by LL.Ms; ratio — the percentage of tokens correctly filtered by LLMs.

false positives because they could be considered
favourable improvements in other NLP tasks.

for Llama, LLMs struggle to recognise the restart
phenomenon. This suggests that LLMs face dif-
ficulty in identifying unfinished statements (false
starts) which are intended to be replaced by restarts.
Instead, most of these unfinished statements are
treated by LLMs as syntactically or semantically
sound parts of utterances. False starts that should
be filtered out may be realised as proper clauses
that are acceptable in other contexts. Their subtrees
are typically extensive, averaging around 8 nodes
(an 8-token clause can constitute a well-formed
sentence in Polish). The absence of graphic or to-
pographic clues makes it challenging to identify
restarts as semantically irrelevant within the cur-
rently investigated contexts. Nevertheless, recog-
nising and filtering out entire false start subtrees
is imperative for constructing well-structured and
coherent utterances and only Mistral achieves high
efficiency in accomplishing this removal task.

4.2 Second experiment

To gauge the speech-specific phenomenon posing
the greatest challenge for LLMs, we compare their
outputs against the probing dataset. We measure the
percentage of filtered-out tokens associated with
a particular speech-specific phenomenon, within
the set of all tokens responsible for encoding this
phenomenon in the probing dataset (see Table 3).

The results confirm the noticeable superiority of
Mistral in effectively filtering discourse, reparan-
dum and restart segments, compared to all other
LLMs. The discourse phenomenon is relatively
easy to identify for all LLMs except Bielik, as indi-
cated by the ratio of 99% for Mistral, 84-90% for
GPTs, 82% for Llama and only 75-78% for Bielik.
Among phenomena that all LLMs except Mistral
struggle to filter, the second most challenging one
is reparandum. The most effective LLM — Mistral —
removes almost 90% reparandum segments. Llama
excludes about 75% reparandum instances, while
GPTs and Bielik filter out just over half of the
tokens constituting repetitions, substitutions and
reformulations.

4.3 Empirical observations

The results of the first experiment might suggest
that LLMs, especially GPTs, excel at detecting
speech-specific noise and extracting sentences that
adhere to ASs. However, a closer examination of
speech-related phenomena, which should not be in-

As evidenced by the low restart values, such  corporated into output utterances according to the
as 30% for GPTs, 40-50% for Bielik and 66%  proposed evaluation approach, reveals that Bielik
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and GPTs commit errors in filtering out noise. The
most challenging phenomenon is restart. Compar-
atively less challenging, though still error-prone,
are repetitions, substitutions, and reformulations
(i.e. reparandum). The process of filtering non-
linguistic elements labelled with the discourse type
poses no challenge for tested LLMs. Conversely,
Mistral demonstrates remarkable efficacy in filter-
ing speech-specific segments. However, its filter-
ing tends to be overly aggressive, excluding not
only speech noise but also elements of predicate-
argument structure (e.g. about 50% arguments). As
a consequence, output utterances are incorrectly
structured and lack coherence.

In summary, GPTs prioritise precision and care-
ful error avoidance, resulting in residual speech
noise, while Mistral’s aggressive filtering strategy
leads to serious grammatical errors. Regardless of
the approach, the errors produced by LLMs reveal
their defective language competence. The acquisi-
tion of deep syntactic and semantic rules remains
an open issue, requiring careful consideration in
LLM development.

5 Related works

Probing state-of-the-art LMs for their syntactic and
semantic knowledge is a widely adopted diagnostic
approach. Numerous studies have attempted to ex-
amine LMs using controlled test sets. Some studies
focus on designing probing tests to directly inspect
the model’s internal structure and identify its re-
gions correlated with linguistic information (Shi
etal., 2016; Tenney et al., 2019b; Peters et al., 2018;
Jawahar et al., 2019; Tenney et al., 2019a; Lin et al.,
2019). For instance, Tenney et al. (2019a) demon-
strate that BERT can effectively execute multiple
stages of an NLP pipeline, including POS tagging,
parsing, named entity recognition, semantic role
labelling, and coreference resolution. They localise
BERT’s regions where linguistic information is em-
bedded and which are responsible for each task.
Parallel investigations endeavour to probe mod-
els to measure their proficiency and limitations in
representing language, with a particular focus on
syntactic and semantic knowledge (Conneau et al.,
2018; Marvin and Linzen, 2018; Poliak et al., 2018;
Hewitt and Manning, 2019; Weissweiler et al.,
2022). For example, Weissweiler et al. (2022) dis-
cover that LMs can classify sentences as instances
of a particular linguistic construction, but they can-
not extract the conveyed meaning and effectively
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employ it within a given context. Our research
aligns with the latter line of work, focusing on
LLM’s linguistic competence.

Since our research partially explores speech un-
derstanding, we mention recent studies focusing
on probing speech models for syntax. Shah et al.
(2021) probe them to discern their ability to en-
code linguistic information, including the depth of
syntax trees. Similarly, Shen et al. (2023) conduct
probing tests on speech models to identify the loci
where syntactic structures are embedded.

Speech processing typically involves two main
stages — automatic speech recognition (ASR) and
NLU, with an intermediate step often dedicated
to detecting and possibly removing disfluencies
(Chen et al., 2022; Wagner et al., 2024). Lou and
Johnson (2020) aim at developing joint models
that integrate ASR with disfluency removal. This
approach results in refined transcripts, which stan-
dard NLP and NLU tools can subsequently process.
In our evaluation approach, we test the capability
of LLMs to detect and filter out noise. However,
our goal is not to employ LLMs as noise detectors;
rather, we seek to determine whether LLMs can pri-
oritise the meaningful parts of utterances (i.e. well-
structured sentences) while ignoring noise during
processing noisy utterances.

6 Conclusions

In this study, we have introduced an approach
aimed at evaluating the capabilities of LLMs within
the realm of processing transcribed noisy utter-
ances in Polish. Our primary focus is to ascertain
whether LLMs possess adequate linguistic compe-
tence to detect well-structured sentences in noisy
utterances.

To conduct this research, we leverage the prompt-
ing technique, in which the currently most power-
ful GPTs, two open LLMs (Llama and Mistral)
and a Polish LLM (Bielik) are tasked with iden-
tifying speech-inherent noise and extracting well-
structured utterances. The models’ outcomes are
rigorously evaluated using the probing dataset de-
rived from the UD-annotated subset of DiaBiz.

Recognising speech-specific phenomena, espe-
cially false starts, presents a challenge for the tested
LLMs. Mistral appears proficient in filtering out
false starts and other speech-specific noise. This
proficiency, however, does not stem from its lan-
guage comprehension ability; rather, it arises from
its strategy for aggressive filtering, wherein it elim-



inates not only noise but also required components
of predicate-argument structures, resulting in gram-
matical errors. GPTs generally exclude fewer re-
quired arguments and semantically crucial modi-
fiers but erroneously retain many speech-specific
segments.

Numerous studies confirm that transformer-
based LMs acquire individual syntactic and seman-
tic rules and can perform syntactic- and semantic-
based NLP tasks. Our experimental results also
indicate that LLMs possess linguistic competence.
However, this competence may be superficial or
insufficient, as LLMs struggle to identify complete
and coherent sentences in noisy utterances. This
superficial competence prevents the full internal-
isation of ASs underlying human language com-
prehension. Deeper syntactic-semantic understand-
ing is necessary for handling restarts and other
speech noise to enable seamless conversation of
LLMs (or large multimodal models) with humans.
Alternatively, LLMs may be unable to apply all
syntactic-semantic rules they have acquired, result-
ing in limited performance. In this case, psycholin-
guistic factors, such as shallow heuristics mixed
with syntactic algorithms (Ferreira, 2003) or ratio-
nal statistical inference (Gibson et al., 2013), could
impact the behaviour of LLMs, as suggested by an
anonymous reviewer. The application of psycholin-
guistic research methods may be highly valuable
for the future evaluation of LLMs.

We anticipate that our novel evaluation approach
will inspire further research into selective language
processing. Considering that ASR outcomes used
in voice assistants and other speech-based systems
require additional text processing, and texts are pre-
dominantly processed with LLMs, LLMs should
handle both written texts and spontaneous speech
transcriptions. This ability is crucial for enabling
human-like dialogue with machines. Moreover, by
integrating speech and text understanding, our ap-
proach lays the groundwork for evaluating LLMs
and potentially large multimodal models.

7 Limitations

Given the specific demands of our experimental
setup, which entail the availability of datasets with
annotated speech-specific elements, we have de-
liberately chosen to focus on a single, albeit less
widely studied language, compared to pervasive
English-only research. We use Polish for several
reasons. First, the DiaBiz dataset is relatively new

18

and likely unfamiliar to LLMs, and thus the possi-
bility of data contamination is eliminated. Second,
the utterances are transcribed with high precision,
including all non-linguistic and speech-specific el-
ements. Third, this choice poses an additional chal-
lenge for LLMs, requiring them to process a non-
dominant language and a non-dominant text do-
main (i.e. training data for LLMs, except Bielik, al-
legedly encompass only a limited amount of Polish
speech transcriptions). Building upon the preceding
point, certain conclusions can also be drawn regard-
ing LLMs’ competence in cross-linguistically cap-
turing universal linguistic properties, particularly
those related to grammatical relations. Despite the
evident constraint in language scope and general-
isation, we hope this research will be positively
received by the NLP community, creating opportu-
nities for broader research in the future.

Our study follows the direction proposed by Con-
neau et al. (2018) to examine LLMs’ capabilities
and limitations. Therefore, our analyses have obvi-
ous limitations, as we do not inspect LLM’s inter-
nal architectures to identify specific regions related
to distinct linguistic features. We thus lack insight
into LLMs’ layers where speech-specific elements
are recognised and syntactic-semantic structures
are internalised. We plan to address this limitation
in future research on open LLMs.
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A Appendix

An excerpt of the JSON structure used in the prob-

ing dataset.

nyn.

{

"token": "To",

"status”: false,

"speech_type": {
"discourse”: false,
"reparandum”: false,
"restart”: true},

"dep_type": "advmod:emph"3},

non.

"token”: "niech”,
"status": false,
"speech_type": {
"discourse”: false,
"reparandum”: false,
"restart”: true},
"dep_type”: "aux:imp"},

n3n, g

"token": "pani”,
"status”: false,
"speech_type": {
"discourse”: false,
"reparandum”: false,
"restart”: true},
"dep_type": "root"},

gy

ngn.

"E .

nyn.

ngn.

"token": "...",
"status": false,
"speech_type": {
"discourse”: true,
"reparandum”: false,
"restart”: true},
"dep_type”: "discourse"},
{
"token": "to",
"status”: false,
"speech_type": {
"discourse”: false,
"reparandum”: true,
"restart”: false},
"dep_type": "reparandum”},
{
"token": "...",
"status": false,
"speech_type": {
"discourse”: true,
"reparandum”: true,
"restart”: false},
"dep_type”: "discourse"},
{
"token": "to",
"status": true,
"speech_type": null,
"dep_type”: "advmod:emph"},
{
"token": "ja",
"status": true,
"speech_type"”: null,
"dep_type”: "nsubj"},
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9": {
"token": "pani”,
"status”: true,
"speech_type": null,
"dep_type”: "iobj"},
"10": {
"token": "podam”,
"status”: true,
"speech_type"”: null,

"dep_type": "parataxis:restart"},

"1 {
"token”: "maila"”,
"status": true,
"speech_type"”: null,
"dep_type": "obj"},

"2 {

"token": ",",
"status”: true,
"speech_type": null,
"dep_type": "punct"},

"13": {

"token": "(yy)",
"status": false,
"speech_type": {
"discourse”: true,
"reparandum”: false,
"restart”: false},
"dep_type"”: "discourse"},

"4 {

"token”: "a",
"status”: true,
"speech_type"”: null,

n n

"dep_type": "cc

}'

"15": {
"token": "pani”,
"status": true,
"speech_type": null,
"dep_type": "nsubj”

3

"16": {
"token”: "mi",
"status": true,
"speech_type": null,
"dep_type": "iobj"

3

17" {
"token": "przesle"”,
"status”: true,
"speech_type"”: null,
"dep_type": "conj"

}!

"18": {

"token": "szczegbdly",
"status”: true,
"speech_type": null,
"dep_type": "obj"}



B Appendix
Prompts drafted in English.

The provided conversations (JSON structures)

The provided conversations in Polish in Polish are transcribed and divided into turns.
are transcribed and divided into turns. A 'turn' is the continuous utterance of a speaker
A 'turn' is the continuous utterance of participating in a dialogue with at least one other
a speaker participating in a dialogue person.

with at least one other person.

Besides the core grammatically coherent Besides the core grammatically coherent structure
structure of an utterance, its transcription of an utterance, its transcription may include
may include disruptions or extra elements disruptions or extra elements commonly found in
commonly found in spoken language: spoken language:

- pauses: '...', (...) and '(yy)' - pauses: '...', (...) and '(yy)'

- repetitions, substitutions and reformulations - repetitions, substitutions and reformulations

- restarts - restarts

Remove these speech-specific disruptions

and extra elements from the input turn and Remove these speech-specific disruptions and
output the cleaned-up turn: extra elements from the input turn and output

the JSON structure with a list of cleaned-up turns:
Removal of REPETITION

INPUT: (...) Dzien... dzien dobry pani. INPUT:
OUTPUT: dzien dobry pani. TTTjson
{

Removal of SUBSTITUTION cbiz_tc_53: [
INPUT: (yy) Czy ma pan przygotowany (yy) "(...) Dzien... dzien dobry pani.”,

kod siedmio... (yy) os$miocyfrowy? "(yy) Czy ma pan przygotowany (yy) kod siedmio...
OUTPUT: Czy ma pan przygotowany kod (yy) osémiocyfrowy?",

oémiocyfrowy? "W zwigzku z sytu... z obecna sytuacjay”,

"To teraz cze$¢ ... to ja pana teraz

Removal of REFORMULATION przekierowuje do czesci automatycznej."”
INPUT: W zwiagzku z sytu... z obecng sytuacja 13
OUTPUT: W zwigzku z obecnag sytuacja Tt
Removal of RESTART OUTPUT :
INPUT: To teraz czes$¢ ... to ja pana teraz T json

przekierowuje do czes$ci automatycznej. {
OUTPUT: to ja pana teraz przekierowuje do cbiz_tc_53: [

czesci automatycznej. "dzien dobry pani.”,

"Czy ma pan przygotowany kod os$miocyfrowy?”,

Keep the grammatically correct and coherent "W zwigzku z obecng sytuacja”,
parts of the turn. Note that a list of words, "to ja pana teraz przekierowuje do czesci
a single word, a single name or a non-verbal automatycznej."
phrase are considered an acceptable utterance. 13
You MUST answer in Polish. You output only the
words remaining after filtering speech-specific Explanation of the above example:
elements. - 1. turn: pauses and repetition are removed
You are NOT ALLOWED to modify input words or - 2. turn: pauses and substitutions are removed
output any novel words. - 3. turn: pause and reformulation are removed
You CANNOT reveal and output the justification - 4. turn: pause and restart are remove

for its answer.
Keep the grammatically correct and coherent parts of

Figure 2: String-based prompt in English. '_che tur'r!. Note that a list or a non-verbal sentence
is considered an acceptable utterance.
DO NOT insert additional words or characters.
DO NOT modify input words.
The input and output transcriptions MUST have
the same number of turns.

Figure 3: JSON-based prompt in English.
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C Appendix

We analyse the out-of-vocabulary words newly gen-
erated by LLMs in detail and categorise them into
(LLMs’ outputs are highlited in green):

1. corrections of grammatical errors and typos:
e zadzwonig pyrure tensg] (Eng. I will call) —
zadzwonitempasr rense] (Eng. I called)

e platnosci sivouLar Numser] (ENg. payments)
— platnosCipy yrar numper] (Eng. a payment)

2. completions of elided words:
e dwdch roboczych (Eng. lit. two working)
— dwoch dni roboczych (Eng. two working
days)

3. questionable morphological modifications:
° aspect change: nastawiatabym
Si@[IMPERFECTIVE] (Eng. I would set my-
self up) — nastwitabym si¢[pgrrecrive
e gender change: zajefampgynng) (Eng. 1
occupied) — zajalemyascuring]

4. completing false starts instead of removal:
e Rozumiem, ze... (yy) jeszcze raz jakbym...
Przepraszam, jakby mogla pani jeszcze
powtorzy¢ (Eng. 1 understand that...
(yy) again I'm like... I'm sorry,
could you repeat once again) —
Rozumiem, ze [chodzi o ptatnos¢ karta].
Przepraszam, jakby mogla pani jeszcze
powtorzyc.

5. Adding English translations instead of or
with Polish output:
o (vy) Tak, potwierdzam. (Eng. (yy) Yes, I con-
firm.) — Tak, potwierdzam. (I confirm.)

6. Adding explanations:
e Aha. — Aha. (This is a non-verbal sound
and not considered an utterance.)

7. Incorrect language identification:
o No SMS-em (Eng. Well, by text message) —
Brak SMS-6w (Eng. No SMS-s).
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Abstract

Sociocultural norms serve as guiding princi-
ples for personal conduct in social interactions
within a particular society or culture. The study
of norm discovery has seen significant develop-
ment over the last few years, with various in-
teresting approaches. However, it is difficult to
adopt these approaches to discover norms in a
new culture, as they rely either on human anno-
tations or real-world dialogue contents. This pa-
per presents a robust automatic norm discovery
pipeline, which utilizes the cultural knowledge
of GPT-3.5 Turbo (ChatGPT) along with sev-
eral social factors. By using these social factors
and ChatGPT, our pipeline avoids the use of hu-
man dialogues that tend to be limited to specific
scenarios, as well as the use of human annota-
tions that make it difficult and costly to enlarge
the dataset. The resulting database - Multi-
cultural Norm Base (MNB) - covers 6 distinct
cultures, with over 150k sociocultural norm
statements in total. A state-of-the-art Large
Language Model (LLM), Llama 3, fine-tuned
with our proposed dataset, shows remarkable
results on various downstream tasks, outper-
forming models fine-tuned on other datasets
significantly.

1 Introduction

Sociocultural norms are informal rules or guide-
lines that dictate acceptable behavior within a par-
ticular society or culture (Morris et al., 2015).
These norms encompass a wide range of behav-
iors, including manners, customs, values, and tra-
ditions. They govern how individuals interact with
one another and shape societal expectations regard-
ing appropriate conduct in various contexts. With
the rapid development of Al in the last decade, it
is crucial to define effective methods for discov-
ering and assessing the cultural knowledge of Al

*Corresponding authors. Contact details: { thanh.pham1,
gholamreza.haffari}@monash.edu

24

systems, especially the knowledge of sociocultural
norms.

The study of cultural norm discovery has wit-
nessed significant development in recent years.
SOCIAL-CHEM-101 (Forbes et al., 2020), one
of the earliest corpora, introduces social norms rep-
resented in a Rule of Thumb (RoT) format. Norm-
Bank (Ziems et al., 2023) is another large-scale
corpus of norms that contains situational norms
within a multivalent sociocultural frame. While
these datasets have high-quality samples and can be
applied to many culture-related tasks, they are con-
structed by humans, which is very time-consuming
and costly. In response to this problem, Fung et al.
(2023) introduced NormSage, a norm dataset con-
structed with a fully automated pipeline. Norm
statements in NormSage are extracted by prompt-
ing Large Language Models (LLMs) with dialogue-
based contents. The norms are then fed to a self-
verification process to ensure their quality. While
NormSage showcases a promising direction for
automatic norm discovery, it is based on real di-
alogue data, which may not be available in dif-
ferent cultures and can be limited to specific do-
mains. Moreover, social norms, relevant to specific
frames, should possess the flexibility to be appli-
cable across diverse dialogues, instead of being
bound to a single specific conversation.

To address the above challenges, in this paper,
we present an automated frame-based pipeline for
norm dataset construction using ChatGPT in a
multi-cultural setting. Socio-cultural norms are
often strongly associated with several social fac-
tors (Zhan et al., 2023), and we refer to the com-
bination of social factors as situational frames.
Norms in the proposed dataset are generated by
prompting ChatGPT with situational frames as the
context, instead of using real-world dialogue con-
tent like existing works. These frames consist of
carefully chosen social factors (culture, social re-
lation, power distance, and so on) which help to
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align the norm generation process. In this way,
we will not have to collect dialogue data for spe-
cific cultures and can easily expand the dataset.
Once the norms are extracted, we evaluate them
both intrinsically and extrinsically. For the former,
we use human evaluation to assess the quality of
the extracted norm statements. For the latter, we
employ the constructed norm database in various
downstream tasks to prove the adaptability as well
as the performance of our proposed dataset. To
summarise, our contributions are as follows:

* We propose an automatic pipeline for extracting
socio-cultural norm statements in multiple cul-
tures. This pipeline makes use of the implicit cul-
tural knowledge of ChatGPT, as well as a set of
carefully chosen social factors, to derive meaning-
ful norm statements. In this way, we address the
aforementioned problems of pioneering works.
By using social factors and ChatGPT, we avoid
the high costs of human annotation. Addition-
ally, our social factors can also replace human
dialogues, which tend to be limited to specific
domains (Fung et al., 2023).

» With the proposed pipeline, we construct the
Multi-Cultural Norm Base (MNB) dataset and
make it publicly available to the research com-
munity. The dataset contains 150k sociocultural
norm statements for 6 different cultural back-
grounds, extracted from 29k situational frames.
MNB is also one of the very few datasets that
feature multi-cultural settings. We will make the
dataset and code publicly available upon paper
publication.

* We conduct extensive experiments to analyze the
quality of MNB, as well as to demonstrate the
benefits of MNB in various downstream tasks.
Intrinsic evaluation results highlight both the
strengths and weaknesses of our method. We
observe that using ChatGPT for norm extraction
results in correct and insightful norms. At the
same time, the model cannot utilize all of the
given social factors, which, in many cases, leads
to norms being too general. On the other hand,
however, extrinsic experimental results show that
MNB can generalize well across multiple related
datasets and their corresponding benchmarks, out-
performing other datasets significantly.
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2 Related Work

2.1 Commonsense Knowledge Bases

Commonsense Knowledge Bases (CKBs) encap-
sulate essential information that mirrors human
everyday understanding and reasoning, covering
broad aspects such as relational taxonomies (Liu
and Singh, 2004), logical associations (Zhang et al.,
2018; Elsahar et al., 2018), and the underlying prin-
ciples of causality and mechanics (Talmor et al.,
2019; Bisk et al., 2020). Following Cyc’s estab-
lishment (Lenat, 1995), there has been a signif-
icant advancement in the development of expan-
sive, human-curated CKBs (Liu and Singh, 2004;
Speer et al., 2017; Forbes et al., 2020; Bisk et al.,
2020; Hwang et al., 2021; Mostafazadeh et al.,
2020; Ilievski et al., 2021). Notably, Concept-
Net (Speer et al., 2017) exemplifies a compre-
hensive commonsense knowledge graph, charac-
terized by its structured representation of knowl-
edge in entity-relation-entity triples. The ATOMIC
(Sap et al., 2019) advances this domain by cata-
loging social interaction dynamics through nearly
880,000 annotated triples. Its enhanced iteration,
ATOMIC2020 (Hwang et al., 2021), further in-
tegrates ConceptNet’s relational framework with
additional novel relations, thereby constructing
a more elaborate CKB focused on event-related
dynamics. Moreover, GLUCOSE (Mostafazadeh
et al., 2020), derived from narrative texts in ROC
Stories (Schwartz et al., 2017), delineates a frame-
work for understanding causal relationships and
effects based on foundational events, presenting a
nuanced exploration of commonsense dimensions.

2.2 Sociocultural NormBase Construction

SOCIAL-CHEM-101 (Forbes et al., 2020) intro-
duced a comprehensive dataset of social and moral
guidelines, established through a crowdsourcing ap-
proach to gathering descriptive norms from various
situations using rules-of-thumb as fundamental ele-
ments. Another critical contribution is from (Ziems
et al., 2023), who introduced a scheme for hierar-
chically organizing the space of human behaviors
that determine social norms, then employed hu-
mans to create NormBank, a social knowledge bank
that leverages this contextual data to form contrast
sets rich in conditioned defeasible social norms.
Our methodology diverges significantly from that
of NormBank by implementing an automated sys-
tem to discover sociocultural norms, in contrast
to the reliance of NormBank on manual annota-
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Figure 1: Proposed norm discovery pipeline.

tion. Moreover, we focus on extracting norms from
situations that involve interactions between peo-
ple to better reflect the cultural values and beliefs,
rather than only representing accepted human be-
haviors in a specific culture. Moreover, the research
by (Fung et al., 2023) introduced the NormSage
framework, aimed at identifying norms embedded
within conversations, utilizing LLM prompting and
self-verification techniques, and drawing from real-
life scenarios like negotiations, casual discussions,
and documentaries. Our approach sets itself apart
from NormSage by focusing on extracting norms
through situational frames, which contain several
social factors that mimic the interactions between
people, therefore omitting the need for dialogue-
based information.

3 Building Multi-cultural Norm Base

In this section, we describe our proposed automatic
pipeline for collecting socio-cultural norms for var-
ious cultures. The following subsections will dis-
cuss the overall pipeline, as well as provide a de-
tailed explanation for each step in the pipeline. For
simplicity, the term socio-cultural norm will be
referred to as norm or social norm for short.

3.1 Opverall Pipeline

The overall norm discovery pipeline is illustrated
in Figure 1. Starting from a collection of situation
frames, we begin by filtering invalid frames, fol-
lowed by performing norm extraction, deduplica-
tion, and verification to construct the multicultural
norm base.

3.2 Situational Frame Construction

Social norms are context-specific patterns that gov-
ern behavior in a given situation (Morris et al.,
2015). Therefore, we design situational frames
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to ground meaningful norms and create diversity
in the proposed dataset. Following the works of
social factor taxonomy (Hovy and Yang, 2021)
and SocialDial (Zhan et al., 2023), these situa-
tional frames consist of several social factors that
mimic the conversations between two speakers.
Specifically, there are 10 key social factors in a
frame, and these factors are categorized as either
conversation-related factors (Norm Category, Con-
versation Topic, Conversation Location, Culture,
Formality) or speaker-related factors (Age, Gender,
Social Relation, Social Distance, Power Distance).
Each of these social factors can take a range of
values, some of which are sourced from SocialDial
and LDC (Li et al., 2022).

Conversation-related Factors. In each situa-
tional frame, Norm Category can take values from
greetings, requests, apologies, persuasion, and crit-
icism. Formality is characterized as either formal
or informal. Conversation Location spans various
settings, including open areas, online platforms,
homes, police stations, restaurants, stores, and ho-
tels. Conversation Topic covers a wide array of
subjects, such as sales, everyday life trivialities,
office affairs, school life, culinary topics, farm-
ing, poverty assistance, police corruption, counter-
terrorism, and cases of child disappearance. Cul-
ture refers to the cultural background of a con-
versation, which can be derived from one of the
following values: American, British, Canadian, In-
dian, Afghan, and Chinese. These cultures exhibit
distinct social norms and practices. For instance,
Chinese and Indian cultures have deep-rooted tra-
ditions and customs that influence social behavior,
while Western cultures like the American, British,
and Canadian have different societal norms shaped
by their histories and current societal dynamics. In-
cluding Afghan allows for the representation of a
culture with different social and religious practices.

Speaker-related Factors.  Regarding the
speaker-related factors, Social Distance encom-
passes five distinct values: family, friends, roman-
tic partners, working relationships, and strangers.
Social Relation covers the following cases: peer-
to-peer, elder-junior, chief-subordinate, mentor-
mentee, student-professor, customer-server, and
partner-partner. Age describe the age group of each
speaker in the conversation, which can take the fol-
lowing values: child, teenager, adult, middle-aged
adult, senior adult, and elderly. Similarly, Gender
represents the gender of each speaker, which is cat-
egorized as either male or female. Lastly, Power



distance is the perceived degree of inequality be-
tween the two speakers. This factor can take values
from lower, equal, or higher, which indicates the
inequality of the first speaker with respect to the
second speaker.

3.3 Frame Filtering

With the values of each social factor predefined
in the previous section, we then proceed to re-
move invalid situational frames. Invalid frames
are those considered to have combinations of val-
ues that hardly represent real-world scenarios (eg.
“a student and a professor discussing life trivialities
in a police station”, or “two colleagues discussing
school life at a restaurant™). In general, we propose
to train a frame classification model, along with sev-
eral hand-written rules to filter out invalid frames.
The process of this can be broken down into three
steps: Training Data Construction, Model Training,
and Frame Classification.

Training Data Creation. The training data of
the frame classification model will have two parts,
golden-labeled data and pseudo-labeled data. For
the golden-labeled subset, we utilize the human-
labeled frames from SocialDial, as many of the fac-
tor values of our data are sourced from this dataset.
The number of human-labeled frames is 6,433. Re-
garding the pseudo-labeled data, we first sample
100,000 combinations of factor values, then prompt
ChatGPT! for labeling. The prompt template is il-
lustrated in Figure 2. To minimize the label errors
made by ChatGPT API, we derive the probabili-
ties of generating the tokens "Yes" or "No" from
the APIL. Specifically, frames with either of the two
probability scores higher than 0.85 are kept and
assigned with the corresponding labels, and the re-
maining frames are removed. In total, we created
a frame classification dataset with 41,016 samples,
in which 16,547 samples are labeled as valid.

Model Training. With the constructed training
dataset, we opt for the ROBERTa architecture (Liu
et al., 2019) for frame classification. Specifically,
the large version of the pretrained model is used
for fine-tuning. We randomly split the constructed
dataset into a training and development subset, with
a ratio of 8:2. Adam optimization (Kingma and
Ba, 2014) is used for model training. The choices
of values for hyperparameters, such as learning
rate, batch size, and number of epochs, are tuned
through grid search over the development subset.

"https://openai.com/blog/chatgpt
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Header: Consider the following context of a conversation
between two speakers:

- The topic of the conversation is {Conversation Topic}.

- The sociocultural norm category is {Norm Category}.

- The cultural background is {Culture}.

- The level of formality is set to {Formality}.

- The location is {Conversation Location}.

- The social relation between the speakers is {Social Relation}.
- The gender of Speaker 1 is {Speaker 1's Gender}.

- The gender of Speaker 2 is {Speaker 2's Gender}.

- Speaker 1 is a/an {Speaker 1's Age Group}.

- Speaker 2 is a/an {Speaker 2's Age Group}.

- The social distance between the speakers is {Social Distance}.
- The power distance between the speakers is {Power Distance}

Question: Can this conversation happen in the real world?
Answer with “Yes” or “No”.

Figure 2: The prompt template for situational frame
classification.

Frame Classification. The fine-tuned RoOBERTa
model is applied for frame classification. To ensure
the label quality, we kept only the frames that the
model predicted with a 0.995 probability value of
the positive class. Additionally, we also introduced
30 handwritten simple rules that are used to filter
out invalid frames. These rules are represented as
combinations of different values for social factors
that are not considered relevant in the real world.

3.4 Norm Extraction

The norm extraction process is illustrated in Figure

3. Specifically, we include the filtered situational

frames in the prompts to discover social norms

with ChatGPT. The prompt template includes four

distinct parts:

* A template header describing the nature of the
situational frame data.

* The body of the prompt template that outlines the
social factors in a situational frame.

* A direct question describing the task of social
norm extraction. This is followed by several con-
straints to ensure the quality and format of the
generated norm statements are unified and con-
trollable.

Some Rules of Thumbs (RoTs) constraints. These
contain RoT templates (Forbes et al., 2020) that
will help to better structure the norm statement
(eg. “In [X] culture, it is good to do action [Y],
under situation [Z].”).

3.5 Norm Deduplication

As the extracted norms can overlap in a single sit-
uational frame as well as across different frames,



Situational
Frame
Collection

Situational Frame:

- The topic of the conversation is {Conversation Topic}.
- The sociocultural norm category is {Norm Category}.
- The cultural background is {Culture}.

- The level of formality is set to {Formality}.

- The location is {Conversation Location}.

Example socic al norm
1. In Indian culture, it is important to show respect to elders by touching their feet as a gesture of honor.
2. In Indian culture, it is common to eat with your right hand and avoid using your left hand for eating.

*

@ ChatGPT

i

Header: Consider the following context of a conversation between two speakers:

Situational Frame

Question: List some sociocultural norms unique in the {Culture} culture that are most relevant to the
above context. The norms need to meet the following requirements:
- Concise, accurate, and easy to understand.

- The social relation between the speakers is {Social F
- The gender of Speaker 1 is {Speaker 1's Gender}.
- The gender of Speaker 2 is {Speaker 2's Gender}.

- Speaker 1 is a/an {Speaker 1's Age Group}.

- Speaker 2 is a/an {Speaker 2's Age Group}.

- The social distance between the speakers is {Social Distance}.
- The power distance between the speakers is {Power Distance}

Y

- Indicate the sequence number for each statement.
- Should be recommended behaviors.

Rules of Thumbs Constraints:

- Follow one of the below templates:

+ In [X] culture, it is [common / good / helpful / important / expected] to do action [Y], under situation [Z].
+ In [X] culture, it is [uncommon / wrong / evil / not normal / unlawful] to do action [Y], for reason [Z].

Figure 3: The norm extraction process with ChatGPT.

we remove one norm statement from each dupli-
cating pair. This process is done separately for
each culture. Specifically, we calculate the cosine
similarity scores for every pair using their BERT
embeddings (Devlin et al., 2019). If the similarity
score is higher than 0.95, we flag the norm pair as
duplicated.

3.6 Norm Verification

With the distinct norms obtained after the dedu-
plication process, we begin to filter invalid norms.
Invalid norm statements are norms that are incor-
rect in a specific culture, and we utilize ChatGPT
for this verification process. Similar to Section
3.3, we prompt ChatGPT with a Yes-No question,
and derive the probability of the token "Yes" for
filtering. Details of the prompt are given in the
Appendix A.1. The probability threshold for valid
norms is set to be 0.85.

3.7 Dataset Summary

With the above pipeline, we obtained the Multi-
cultural Norm Base (MNB), which consists of
155,929 norm statements, extracted from more than
28,804 situational frames of 6 distinct cultures. The
norm statements also represent real-world scenar-
i0s, where they reflect daily conversational situa-
tions through various speaker attributes. The norm
statistics of the 6 cultures are reported in Table
1. The cultures have roughly equal numbers of
situational frames. On average, about 5 norm state-
ments are extracted with each situational frame in
our data.
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‘ Culture ‘ # of Norm Statements | # of Frames
American 27,481 4,505
Canadian 25,726 5,072
British 34,213 5,133
Chinese 24,789 4,496
Indian 25,760 4,675
Afghan 17,960 4,923

[ Al \ 155,929 | 28804 |

Table 1: Statistics of norms in different cultures.

4 Experiments

To demonstrate the quality of our proposed method
and dataset, we carry out experiments with our data
and other related datasets. Our experiments are di-
vided into two types: Intrinsic Evaluation and
Extrinsic Evaluation. For intrinsic evaluation, we
examine the quality of the constructed norm knowl-
edge base and the norm extraction method. In the
case of extrinsic evaluation, we demonstrate the ap-
plicability of our proposed dataset across different
downstream tasks and compare the performance
with other datasets.

4.1 Intrinsic Norm Discovery Evaluation

Similar to NormSage (Fung et al., 2023), we as-
sess each norm statement on a Likert scale ranging
from 1 to 5, where 1 denotes “Very Unsatisfied”
and 5 denotes “Very Satisfied”, for five criteria:
Relevance, Well-Formedness, Correctness, Insight-
fulness, Relatableness. A detailed description of
each criterion is provided in Appendix A.2.1.

As there are many norm statements in the dataset
and evaluating all of them will be very time-
consuming, we sample 200 norms from each cul-
ture for evaluation. Specifically, we randomly sam-



Culture Relevance | Well-formedness | Correctness | Insightfulness | Relatableness
Chinese 391 4.10 4.03 3.97 3.93
Afghan 3.93 3.97 4.02 4.00 3.94
Indian 3.80 3.80 3.84 3.90 3.84
British 3.86 3.29 3.16 3.08 3.26
American 3.97 3.73 4.01 3.81 3.93
Canadian 3.67 4.10 4.05 3.72 4.04
All | 385 ] 3.82 | 38 ] 3.75 \ 3.80

Table 2: Average Likert scale (1-5) ratings of each culture in MNB.

ple 200 situational frames from each culture and
then sample 1 norm statement from each of the
frames. This ensures that the selected data is di-
verse and covers a wide range of scenarios. To per-
form the evaluation, we employed native Amazon
Mechanical Turk workers for each of the 6 cultures
to assess the data (e.g. British annotators will label
the British samples) to ensure the annotation qual-
ity. Further information about the annotators and
the annotation process is described in Appendix
A2.1.

Table 2 summarizes the Likert-scale scores as-
signed to the cultural norms of six cultures within
the proposed dataset. The inter-rater reliability
of the annotators, along with the score distri-
butions of the 6 cultures, will be given in Ap-
pendix A.2.3 and A.2.4. Chinese norms consis-
tently received high scores, particularly in Well-
Formedness (4.10) and Correctness (4.03), indicat-
ing well-structured and accurate norms. Afghan
norms also performed well, with high scores in
Insightfulness (4.00) and Relevance (3.93), reflect-
ing strong cultural understanding and applicability.
Indian norms showed moderate scores across all
metrics, suggesting balanced yet average represen-
tations. In contrast, British norms scored lower
in Well-Formedness (3.29), Correctness (3.16), In-
sightfulness (3.08), and Relatableness (3.26), indi-
cating structural and applicability issues. Ameri-
can norms were notable for their high Relevance
(3.97) and Correctness (4.01), showcasing relevant
and accurate norms. Canadian norms excelled in
Well-Formedness (4.10) and Relatableness (4.04),
highlighting well-structured and broadly applicable
norms. Overall, while Chinese, Afghan, American,
and Canadian norms were well-represented, British
norms require significant improvement.

4.2 Extrinsic Evaluation on Downstream
Tasks

To set up extrinsic evaluations, we derive several re-
lated datasets and their corresponding downstream
tasks, which can be categorized into generation
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tasks and classification tasks. For all extrinsic
experiments, we will use Llama 32 and perform
fine-tuning with different instruction tasks. Specifi-
cally, the 8B version of the Llama3-Instruct model
(Llama3-Instruct-8B) is used for fine-tuning, as it
already has been fine-tuned with a large set of in-
struction tasks and can be used as the baseline in
experiments.

4.2.1 Generation Task

In terms of the generation task, we opt for the
Moral Integrity Corpus (MIC) (Ziems et al., 2022)
for our experiments. The norms covered in this
dataset mostly are sourced from Reddit and belong
to the American culture. The authors of MIC have
set up the task of RoT generation, which requires
models to generate a norm statement with a given
dialogue content. To carry out the experiments, we
compare the performance of the following models:

* Llama3 The original Llama3-Instruct-8B model.

¢ Llama3 g¢ The Llama3-Instruct-8B model fine-
tuned with the SOCIAL-CHEM-101 dataset. The
instruction task is generating a norm statement
based on a given situation and a behavior.

e Llama3 yyg The Llama3-Instruct-8B model
fine-tuned with our MulticulturalNormBase
dataset. The instruction task is to generate a norm
statement based on a set of social factors (similar
to how we extract the norms with ChatGPT in
Section 3.4).

While the NormBank dataset can be used for
training as it is also a norm dataset, its norms have
a very different structure compared to our data as
well as SOCIAL-CHEM-101 and MIC. The sit-
uational norms in NormBank are represented as
taxonomies of various factors, while in the other 3
datasets, the norms are stated as Rules of Thumb
statements. As converting the taxonomy-based
norms into RoT involves great complexities, we

*https://ai.meta.com/blog/meta-llama-3/



Metric Llama3 | Llama3sc | Llama3 yng ‘
ROUGE-1 15.53 20.15 30.41
ROUGE-2 3.59 6.01 14.90
ROUGE-L 14.65 19.46 29.50
BLEU 11.95 16.16 24.61
BERT-Score 88.60 89.35 90.93
Avg. Len 11.65 10.95 9.05

Table 3: Experimental results on the MIC dataset. The
average length of the norms in the data is 8.74.

chose to not experiment with the NormBank dataset
for this generation task.

Following the authors of MIC, for the evaluation
metrics, we apply the standard ROUGE (Lin and
Hovy, 2003) (ROUGE-1, ROUGE-2, and ROUGE-
L), BLEU score (Papineni et al., 2002), and BERT-
Score (Zhang et al., 2020). The experimental re-
sults are reported in Table 3. All three models are
evaluated in a zero-shot setting, meaning that they
have not seen or been trained with the MIC dataset.
It can be observed that when trained with cultural
or commonsense knowledge data, the performance
improves over the baseline. Both the Llama models
trained with SOCIAL-CHEM-101 and our dataset
present better results than those of the baseline
model. On all metrics, the model trained with
our data (Llama3yng) achieves higher results
than the one trained with SOCIAL-CHEM-101
(Llama3 g¢). Our model also generates sentences
that have lengths closer to the golden sentences in
the data than the Llama3 g¢c model. This demon-
strates that the extracted cultural norms are highly
useful, and can be used to train models to adapt on
different benchmarks.

4.2.2 Classification Tasks

Regarding the classification tasks, we consider the
following datasets for evaluation:

EtiCor. (Ziems et al., 2023) This is a corpus of
etiquettes, consisting of texts about social norms
from five different regions across the globe, serving
as a benchmark for evaluating LLMs for knowl-
edge and understanding of region-specific etiquette.
Specifically, the dataset covers 5 regions: EA (East
Asia), IN (India), MEA (Middle East & Africa), NE
(North America & Europe), and LA (Latin Amer-
ica). With this data, the corresponding evaluation
task is “Etiquette Sensitivity”. Given a statement
about etiquette, the task is to predict whether the
statement is appropriate for a region. For this
dataset, we use the entire data for evaluation.

30

NormBank. (Ziems et al., 2023) This is a knowl-
edge base of situational norms in multicultural set-
tings. To extract the cultural information of norms
in this dataset, we identify constraints that mention
“Person Y’s country is XX and link them to spe-
cific cultures. We follow their evaluation on the
task of “Norm Classification”. Specifically, this
task requires models to classify a combination of
behavior and some constraints to be either expected,
okay, or unexpected. To perform an evaluation on
this dataset, we randomly split the samples into a
training and test subset, with a ratio of 8:2. The
training set will be used to train a Llama 3 model,
and the test set will be used to compare different
fine-tuned models.

Regarding the models for evaluation, we fine-
tuned the Llama 3 model separately with the Norm-
Bank dataset and our dataset. Both models are
trained with the classification task and the training
procedure is different for each of the datasets, as
their data attributes are different:

e Llama3 ng.crs The Llama3-Instruct-8B model
fine-tuned with the training subset that we derived
from the NormBank dataset. The model is trained
for the task of norm classification, which utilizes
the 3-class labels described previously.

Llama3 yng.c1.s The Llama3-Instruct-8B model
fine-tuned with our MulticulturalNormBase
dataset. The instruction task is also norm classifi-
cation. Since the norms of our dataset are all rec-
ommended behaviors, we perform data augmen-
tation to negate a portion of the data. Specifically,
we apply rule-based and model-based negative
claim generation. For the model-based negative
claim generation method, we utilize a pretrained
BART model® to generate the negative version of
a norm statement.

Apart from the fine-tuned models, we also ex-
perimented with a RAG (Retrieval Augmented
Generation) based method with our data and the
NormBank dataset. We derive two models -
Llama3 MNB-RAG and Llama3 NB-RAG - which use
the baseline Llama 3 model and retrieve the most
relevant norms from our data and NormBank for
a test sample, respectively. To ensure this method
gets maximized results, we experimented with
several numbers of norms being retrieved, rang-
ing from 1 to 10, and reported only the best re-
sults. Interestingly, both Llama3 yinp.rag and

3https://huggingface.co/minwhoo/bart-base-negative-
claim-generation



Region

Llama3 (Baseline) ‘ Llama3 ng.cLs

Llama3 NB-RAG Llama3 MNB-CLS Llama3 MNB-RAG

EA 69.97 66.88 63.67 76.99 73.75
IN 70.98 69.62 67.56 80.72 73.30
MEA 71.03 69.11 67.82 78.94 73.69
NE 82.62 84.07 79.40 92.27 84.95
LA 67.66 63.87 66.01 76.05 72.38
[ All \ 72.45 \ 70.71 \ 68.89 \ 80.99 \ 7531 \
Table 4: F1 scores of different models on the EtiCor dataset.

’ Culture ‘ Llama3 (Baseline) ‘ Llama3 NB-CLS ‘ Llama3 NB-RAG ‘ Llama3 MNB-CLS ‘ Llama3 MNB-RAG ‘
British 7.22 38.26 20.44 23.16 19.24
Canadian 5.17 57.82 32.23 35.51 16.07
American 4.67 50.20 15.69 32.60 19.89
Afghan 4.37 36.27 15.69 28.90 14.21
Indian 26.21 45.28 35.76 36.82 26.60
Chinese 16.23 43.81 25.24 27.93 26.60
All 9.68 45.26 24.18 30.82 20.42

Table 5: F1 scores of different models on the NormBank dataset.

Llama3 ng.rag achieve optimal results when us-
ing only 1 norm in the context.

Results on EtiCor. The experimental results on
the EtiCor dataset are described in Table 4. The
model trained with our dataset (Llama3 yng-cLs)
consistently demonstrates better results than the
other two models, in all regions. The model shows
the smallest absolute and relative improvements
on the EA (East Asia) subset of EtiCor. This
is because while our dataset consists of norms
for the Chinese culture, EtiCor itself does not in-
clude Chinese data in the EA subset. Regarding
Llama3 ng.c1s, While the nature of NormBank is
also similar to EtiCor, however, the model does
not achieve better overall results than the baseline
Llama3 model, except for the NE (North America
& Europe) subset, where the model demonstrates
an improvement. This is understandable, as the
portion of North American data accounts for al-
most 30% of the NormBank dataset. Despite be-
ing not as good as fine-tuning, the retrieval-based
method also shows its improvements over the base-
line, where the Llama3 png-rag model achieves
roughly 2.8% F1 improvement over the Llama3
model.

Results on NormBank. The experimental re-
sults of different models on the NormBank dataset
are described in Table 5. Llama3ng.cLs ob-
viously achieves the best results in terms of
F1 score, as it is trained on the NormBank
data. However, Llama3 yng-cLs - the model
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trained with MNB still shows great improve-
ments over the baseline, with more than 21%
absolute improvements in F1 score. In terms
of retrieval-based model, Llama3 png-rag and
Llama3 ng.rag achieve competitive results, even
though Llama3 ng.rag takes advantage of retriev-
ing norms from NormBank itself. Interestingly,
Llama3 ynp.raGg reaches a better F1 score than
Llama3 ng.rag On the American subset, despite
this is the largest subset of the NormBank dataset.
These results have proven that models utilizing our
MNB dataset can generalize well across different
domains and cultures, in both cases of fine-tuning
and RAG.

5 Conclusions

In this paper, we propose an automatic norm discov-
ery pipeline using ChatGPT for the multi-cultural
setting. The pipeline extracts norm statements upon
situational frames filled with crucial social factors.
As real dialogues are not always available and can
be limited to some domains, we have showcased
that it is possible to extract meaningful norm state-
ments only from social factors. Our derived norm
database has shown its effectiveness in the exper-
iments, achieving remarkable results on several
downstream tasks and outperforming other norm
datasets. In the future, we plan to expand the data
with coverage to more cultures and implement large
language models embedded with explicit cultural
knowledge.
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Limitations

Our proposed pipeline is based on the implicit
knowledge of ChatGPT from OpenAl to extract
cultural norm statements from conversational situa-
tions. While ChatGPT is trained on a large amount
of data, its cultural knowledge and reasoning capa-
bilities can have potential bias. We also acknowl-
edge that cultural norms can vary and evolve sig-
nificantly over time, which requires LLM to have
better adaptation to new data. Despite the availabil-
ity of more robust LLMs, such as GPT-4*, we opted
to use ChatGPT in our experiments due to the time
limitation and costly usage of GPT-4. Addition-
ally, more datasets should be compared with the
proposed MNB dataset in future works. NormSage
(Fung et al., 2023) is the closest work to ours, as it
also has the multi-cultural element, but at the time
of submitting this paper, the NormSage dataset and
code are not publicly available for us to make a fair
comparison in the experiments.

Another limitation of our work is the limited
number of human annotators for intrinsic evalua-
tion. We acknowledge that hiring more people to
annotate the norms will better represent the norm
quality, but due to the time constraint and cost limit,
there is only one annotator for each culture. Al-
though the chosen annotators are all native, there
can still exist potential biases in the evaluation pro-
cess.

Ethical Considerations

We recognize that automatically generated socio-
cultural norm statements can carry an authoritative
and normative tone (Fung et al., 2023). Therefore,
we want to emphasize that these statements are not
intended to serve as the basis for establishing a
normative system or framework within any society.
Their application in any operational system must be
approached with caution. It is imperative to involve
manual oversight to validate their accuracy prior to

*https://openai.com/gpt-4
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deployment. Consequently, these norm statements
primarily serve only research purposes.
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A Appendix

A.1 Norm Verification

As discussed in Section 3.6, we prompt ChatGPT
to filter invalid norm statements. Figure 4 illus-
trates the prompt template for norm verification.
Similar to previous prompt templates in Section
3.4 and Section 3.6, this template includes a header
describing the nature of the situational frame, and
a body outlining the social factors.

A.2 Intrinsic Evaluation

A.2.1 Evaluation Criteria

The definition for each criterion of the intrinsic
evaluation process is as follows:


https://aclanthology.org/N03-1020
https://aclanthology.org/N03-1020
https://aclanthology.org/N03-1020
http://arxiv.org/abs/1907.11692
http://arxiv.org/abs/1907.11692
https://api.semanticscholar.org/CorpusID:27056928
https://api.semanticscholar.org/CorpusID:27056928
https://api.semanticscholar.org/CorpusID:27056928
https://doi.org/10.3115/1073083.1073135
https://doi.org/10.3115/1073083.1073135
https://doi.org/10.1609/aaai.v33i01.33013027
https://doi.org/10.1609/aaai.v33i01.33013027
https://doi.org/10.18653/v1/K17-1004
https://doi.org/10.18653/v1/K17-1004
https://doi.org/10.18653/v1/K17-1004
https://doi.org/10.1609/aaai.v31i1.11164
https://doi.org/10.1609/aaai.v31i1.11164
https://doi.org/10.18653/v1/N19-1421
https://doi.org/10.18653/v1/N19-1421
https://doi.org/10.18653/v1/N19-1421
https://doi.org/10.1145/3539618.3591877
https://doi.org/10.1145/3539618.3591877
https://doi.org/10.1145/3539618.3591877
https://openreview.net/forum?id=SkeHuCVFDr
https://openreview.net/forum?id=SkeHuCVFDr
https://aclanthology.org/2023.acl-long.429
https://aclanthology.org/2023.acl-long.429
https://doi.org/10.18653/v1/2022.acl-long.261
https://doi.org/10.18653/v1/2022.acl-long.261

Culture Relevance | Well-formedness | Correctness | Insightfulness | Relatableness
Chinese 0.74 0.66 0.59 0.65 0.72
Afghan 0.75 0.76 0.62 0.77 0.73
Indian 0.75 0.76 0.66 0.67 0.69
British 0.65 0.74 0.73 0.71 0.91
American 0.60 0.70 0.70 0.73 0.72
Canadian 0.72 0.59 0.68 0.69 0.68

Table 6: Krippendorff’s Alpha coefficient of different metrics for each culture.

Header: Consider the following context of a conversation between
two speakers:

Situational Frame:

- The topic of the conversation is {Conversation Topic}.

- The sociocultural norm category is {Norm Category}.

- The cultural background is {Culture}.

- The level of formality is set to {Formality}.

- The location is {Conversation Location}.

- The social relation between the speakers is {Social Relation}.
- The gender of Speaker 1 is {Speaker 1's Gender}.

- The gender of Speaker 2 is {Speaker 2's Gender}.

- Speaker 1 is a/an {Speaker 1's Age Group}.

- Speaker 2 is a/an {Speaker 2's Age Group}.

- The social distance between the speakers is {Social Distance}.
- The power distance between the speakers is {Power Distance}

(Norm Statement: )

- The norm statement corresponding to the given situation is as

follows: {Norm Statement}.

. J
~

p
Question: Is this a correct/acceptable socio-cultural norm in the
given situation? Answer with “Yes” or “No”.

\

Figure 4: Prompt template for norm verification.

* Relevance. This criterion measures how well
the situation inspires the generated norm. If
a norm does not use the provided informa-
tion from the situational frame, regardless of
whether the norm is correct or not, the rele-
vance score should be low.

Well-Formedness. This criterion measures
how well is the norm structured — is the norm
self-contained, and does it include both a judg-
ment of acceptability and an action or soci-
etal/cultural phenomena that is assessed?

Correctness. This criterion measures the cor-
rectness of the norm. If a norm is considered
to be correct in a given culture, its correctness
score should be high.

Insightfullness. This criterion measures the
degree to which the norm conveys an enlight-
ening understanding of what is considered ac-
ceptable and standard in the provided cultural
background.
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* Relatableness. This criterion measures the
degree of generalization of a norm. If the
given norm is highly applicable in various
situations, the relatableness score should be
high.

A.2.2 Annotation Settings

Worker Qualification. To ensure that the MTurk
workers are native to the 6 cultures, we designed
a qualification test consisting of cultural-related
questions, provided in the respective native lan-
guages. Additionally, the questions are given in
images, preventing the workers from searching for
the answers directly on public media. Workers
must pass this qualification test demonstrating a
success rate of 95% or higher. To do the labeling
task for intrinsic evaluation, workers who pass the
initial qualification test then proceed to do another
test of understanding the task instruction, in which
workers with success rates of 98% are chosen to do
the annotation for intrinsic evaluation.

Annotation Qualification. To ensure the high
quality of the intrinsic evaluation process, each
norm is scored by 5 native workers. After the
norms are annotated, we perform a manual check
to verify the scores.

A.2.3 Inter-rater Reliability

To assess the agreement rate among annotators,
we apply Krippendorff’s Alpha coefficient with
each intrinsic evaluation metrics. Table 6 describe
the values for each culture. Overall, the results
highlight varying degrees of annotator agreement,
with some metrics and cultures showing strong
reliability while others indicate the need for further
refinement in evaluation criteria.

A.2.4 Intrinsic Score Distribution

We provide the intrinsic score distribution of each
culture in Figure 5. Overall, most cultures exhibit
acceptable quality in each evaluation metric, where
the distributions skewed toward scores of 4 and 5.
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(a) Score distribution of the Chinese culture.
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(b) Score distribution of the Afghan culture.
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(c) Score distribution of the Indian culture.
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(d) Score distribution of the British culture.
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(e) Score distribution of the American culture.
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(f) Score distribution of the Canadian culture.

Figure 5: Likert-scale rating distribution of each culture.
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Lossy Context Surprisal Predicts Task-Dependent Patterns in
Relative Clause Processing

Kate McCurdy and Michael Hahn
Universitit des Saarlandes

Abstract

English relative clauses are a critical test
case for theories of syntactic processing.
Expectation- and memory-based accounts
make opposing predictions, and behavioral
experiments have found mixed results. We
present a technical extension of Lossy Context
Surprisal (LCS) and use it to model relative
clause processing in three behavioral experi-
ments. LCS predicts key results at distinct
retention rates, showing that task-dependent
memory demands can account for discrepant
behavioral patterns in the literature.

1 Introduction

A fundamental goal of computational psycholin-
guistics is to predict and explain syntactic process-
ing difficulty as manifested in reading times. Sur-
prisal from modern language models is a strong pre-
dictor of reading times on naturalistic text: words
take longer to read when they are less predictable
(e.g. Wilcox et al., 2023). This finding aligns with
expectation-based theories of syntactic processing
(Hale, 2001; Levy, 2008). However, surprisal fails
to account for certain effects from the psycholin-
guistic literature — particularly locality effects, in
which longer syntactic dependencies lead to in-
creased processing effort (e.g. Grodner and Gibson,
2005; Bartek et al., 2011). Under surprisal theory,
this is unexpected: additional intervening context
should generally make prediction easier.

Locality effects are naturally explained in terms
of human memory limitations, which motivate
memory-based theories of syntactic processing.
One example is Dependency Locality Theory (Gib-
son, 1998; Gibson et al., 2000), which posits that
the processing cost of integrating a syntactic depen-
dency is proportional to dependency length. Sim-
ilar locality predictions arise from cue-based re-
trieval theories (e.g. Lewis and Vasishth, 2005).

Recent research has offered a principled concep-
tual unification of expectation- and memory-based
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60% retention

The director that
10 1.0 1.0

admired the dancer
1.0

20% retention

the dancer admired

0.99 0.99 A

The director that
admired the dancer

the dancer admired

02 05 0.9

Figure 1: Illustration of lossy context surprisal (LCS)
with retention probabilities of individual words. At high
retention rates (top), LCS predicts an expectation-based
processing slowdown at “the" for object relative clauses
(red). At low retention rates (bottom), LCS predicts a
memory-based processing slowdown at the verb.

perspectives in terms of Lossy-Context Surprisal
(LCS; Futrell et al., 2020). This theory holds that
expectations are derived from imperfect memory
representations of the context; hence, words are
easy to process only when they are easy to pre-
dict from lossy context representations. Resource-
Rational Lossy-Context Surprisal (RR-LCS) (Hahn
et al., 2022) implements LCS for general input by
constraining GPT-2 (Radford et al., 2019) with ra-
tionally optimized lossy context representations.
Here, we use LCS to model memory and ex-
pectation in the context of English relative clause
processing (Figure 1) — long considered a key set-
ting where memory- and expectation-based models
make opposing predictions (e.g. Levy, 2008, 2013).
Object relative clauses (ORCs), such as “The di-
rector that the dancer admired," are more difficult
to process than subject relative clauses (SRCs),
such as “The director that admired the dancer.”
Surprisal theory and DLT differ as to when this

Proceedings of the 28th Conference on Computational Natural Language Learning, pages 36—45
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difficulty arises in incremental processing. Under
the expectation-based account of surprisal theory,
comprehenders use their experience of English syn-
tactic distributions to predict upcoming structures.
Subject relatives are more frequent than object rela-
tives in written corpora (Roland et al., 2007). There-
fore, given the prefix “The director that," readers
should expect a tensed verb such as “admired," and
slow down on encountering the ORC determiner
“the." Surprisal theory thus predicts that the pro-
cessing difficulty for ORCs relative to SRCs will
appear primarily on the determiner. By contrast,
DLT posits that processing difficulty reflects the
integration of long-distance dependencies. Under
this account, the main slowdown in ORCs should
instead appear at the verb “admired," as comprehen-
ders integrate the dependency to the distant object
“director."

Behavioral studies of relative clause processing
have found discrepant results depending on the task.
Experimental data from eye-tracking (Traxler et al.,
2002; Staub, 2010) and self-paced reading (Grod-
ner and Gibson, 2005; Roland et al., 2007; Frinsel
and Christiansen, 2024) support the memory-based
prediction of longer reading time on ORC verbs.
Using the Maze task, however, Forster et al. (2009)
find only the determiner slowdown predicted by sur-
prisal theory. In a recent study, Vani et al. (2021)
collect Maze data with stimuli from earlier eye-
tracking experiments, and reproduce the determiner
slowdown. The authors suggest that the later ORC
verb slowdown found in eye-tracking studies may
reflect spillover rather than memory effects.

In the current study, we investigate whether the
task-dependent discrepancies observed in English
relative clause processing can be modeled as a
trade-off between memory and expectation. We
manipulate how much of the preceding sentence
context is remembered in the lossy context surprisal
model, and evaluate Vani et al.’s stimuli at a range
of retention rates. We additionally evaluate LCS
predictions on the relative clause stimuli of Roland
etal. (2021), who report both spillover and memory
effects in their eye-tracking data.

Figure 1 illustrates our results. At a high reten-
tion rate (e.g. 60%), LCS predicts the expectation-
based determiner slowdown on ORC test items,
consistent with the observed RTs for the Maze filler
data. At a low retention rate (e.g. 20%), however,
LCS predicts the ORC verb slowdown found in
eye-tracking studies such as Staub (2010). Further-
more, we find that low-retention LCS predictions
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also capture the memory effects found by Roland
et al. after adjusting for spillover per their analysis.
This finding suggests an alternative explanation for
observed task discrepancies: eye-tracking while
reading likely imposes lower memory demands
than the Maze task, leading to a stronger influence
of memory constraints on incremental processing.
This paper presents two key contributions:'

* We release and document a technical improve-
ment to the RR-LCS model. Through extend-
ing the lossy context model to subword to-
kenization, the new model can now handle
out-of-vocabulary inputs.

* We show that, through manipulating the reten-
tion rate, LCS predicts two distinct behavioral
patterns of relative clause processing which
have been reported in different tasks. This
finding shows that task-dependent memory
demands can explain apparently contradictory
results in the literature.

2 Background

Measuring incremental processing Behavioral
methods which track word-by-word reading time
(RT) offer scientific insight into human language
processing, as longer RTs reflect processing diffi-
culty. Special eye-tracking (ET) equipment can col-
lect RT data in a laboratory setting by monitoring
participants’ eye movements as they read (Rayner,
1998). This method most closely approximates
natural reading, but ET data collection is resource-
intensive and the resulting RTs can be noisy and
challenging to interpret. One crucial source of
noise comes from spillover effects: longer process-
ing time for one word can “spill over" to following
words. In such cases, systematically longer RTs on
a specific word do not reflect difficulty processing
that word, but instead the word or words preceding.

An alternative cost-effective source of RT data
is self-paced reading (SPR), in which participants
must press a button to reveal each word in sequence.
Unfortunately, spillover effects are typically much
larger in SPR compared to ET data. The Maze task
(Forster et al., 2009) modifies SPR by introduc-
ing distractors: participants are shown two words
at each step, and must select the word which cor-
rectly continues the sentence. This task is more
cognitively demanding, and appears to reduce or

ISee https://github.com/kmccurdy/LCS for model
and analysis code.
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eliminate spillover effects (Boyce and Levy, 2020;
Boyce et al., 2020). Witzel et al. (2012) compare
Maze and ET for three types of ambiguous sen-
tences and find that Maze RTs capture most — but
not all — patterns of incremental processing diffi-
culty seen in ET RTs. In this paper, we consider the
possibility that higher working memory demands
in the Maze task account for key discrepancies be-
tween Maze and ET results.

Modeling memory and expectation Language
models (LMs) are typically trained on a next-
word prediction objective, which aligns them with
the expectation-based account of Surprisal Theory.
Modern large language models, however, have be-
come worse predictors of human RT data due to
their superhuman capacity for memorization (Oh
and Schuler, 2023). This has motivated model-
ing approaches which combine LMs with memory
constraints. Timkey and Linzen (2023) propose a
model architecture with a single self-attention head,
which reduces the capacity to retrieve earlier repre-
sentations from context. Kuribayashi et al. (2022)
find improved fits to RTs by simply truncating
words from the preceding context. Here, we model
memory constraints with Resource-Rational Lossy
Context Surprisal (RR-LCS; Hahn et al., 2022),
which learns to stochastically retain or delete spe-
cific words from the representation of the preceding
context. Crucially, we can systematically vary the
LCS retention rate to simulate different patterns of
working memory engagement.

3 Computing Lossy Context Surprisal
3.1 Resource-Rational Lossy Context
Surprisal

Standard surprisal theory assumes that processing
difficulty of a word is proportional to its surprisal—
that is, its negative log-probability in context:

D

Lossy Context Surprisal (Futrell et al., 2020) modi-
fies this by conditioning not on the exact context,
but on a lossy memory representation:

—log P(z741|Mr)

— log P(xT+1 |£L’1._.T)

2

where M is a lossy representation generated from
x1...x7. To generate testable Lossy Context
Surprisal predictions, we must specify (1) lossy
representations M7 and (2) how these are gen-
erated from contexts 1 7—1. Such a specifica-
tion is provided by Resource-Rational Surprisal
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(RR-LCS; Hahn et al., 2022). Following Futrell
et al. (2020), RR-LCS specifies the lossy represen-
tations in terms of retaining or masking individual
words. Formally, the model operates over contexts
x € 37T, where T is a maximum context size, set to
20 in Hahn et al. (2022). The model is specified by
a family of retention probabilities (after Anderson
and Milson, 1989; Anderson and Schooler, 1991)
Pwi € [0,1] 1 < ¢ < T), where p,,; indicates
the probability that word w at position 7 is avail-
able when predicting word 7" (Figure 1). Given a
context x1_ 7, each word is independently kept or
masked depending on these probabilities, yielding a
lossy representation My :=y € (X U {LOST})”.

The retention probabilities p,, ; are chosen so as
to minimize average lossy-context surprisal:

I;Iir_l E$1A“T+1,y1A.AT [_ IOg P($T+1|y1 . yT)] (3)
subject to a bound on the average number of re-
tained words:

Eyy[#{i: yi = LOST}] < 6T (4)

where the expectations range over contexts i1
with associated next word x4, from a large cor-
pus, and lossy versions y drawn via the retention
probabilities p,, ;. Importantly, the retention rate
0 € [0, 1] is the model’s single free parameter: it
indicates how many words on average are retained.
Given a budget specified by §, the model thus learns
to prioritize retaining those words that are usually
more helpful for predicting future words. On a
technical level, the constrained optimization (3—4)
is implemented using Lagrangian duality; see Hahn
et al. (2022, Supp. Mat. §1) for details. Empiri-
cally, the optimized retention probabilities strongly
favor forgetting less recent words, especially high-
frequency function words.

3.2 Implementation

In the parameterization of Hahn et al. (2022), given
the embedding g; of the ¢-the token and p; of the i-
th position, the retention probabilities receive a log-
biaffine parameterization after Dozat and Manning
(2017):

Puwi =0 (Fpi + MLPy(g;) + pf MLPi(g:))
%)
where M L P; denotes ReLU MLPs with one hid-
den layer with d dimensions, and o is the logistic
sigmoid function. Both the positional and word
embeddings can directly influence the probability



(first and second summands); there is also an op-
tion for multiplicative interaction between the two
(third summand). The parameters of the two MLPs,
the transform F', and the embeddings g;, and p; are
trainable parameters, optimized for (3—4).

By Bayes’ Rule, the predictive distribution
P(xpy1|Mr) in (2) is proportional to:

>

z1..xc7eXT

P(xi.741)P(Mr|z1.7)  (6)

where the sum ranges over hypothetical contexts
x1..1, weighted by their probability of giving rise
to the imperfect representation Mp. The term
P(Mrp|zy..7) can be computed in terms of p,, ;.
The other term, P(x1. 7411), describes the expec-
tations in the absence of any memory limitations;
Hahn et al. (2022) estimate it using GPT-2 Medium
(Radford et al., 2019). Plugging these components
into (6), lossy-context surprisal (2) is then esti-
mated using importance sampling. Importantly, in
the limit where no memory limitations are present
(0 = 1), the predictions equal those of the GPT-2
model. Varying ¢ from O to 1, the resource-rational
lossy-context surprisal model thus interpolates be-
tween a predictive model without any context, and
a full transformer language model.

Implementation based on subwords An im-
portant limitation of the original implementation
from Hahn et al. (2022) is that it uses a traditional
word-based tokenization, with a vocabulary of 50K
words. While sufficient to model their experimen-
tal stimuli, the model frequently faces OOV tokens
when applied to other data, hindering broader val-
idation.? In order to apply the model to other ex-
perimental stimuli, we straightforwardly adapted
the model to modern subword-based tokenizations:
Assume a word w consists of tokens ¢ . ..ty, each
represented by token embeddings e; . .. en, where
N < Npuz = 5.2 We concatenate eq, . .., ex to
a vector of length N - d and pad with zeros to ob-
tain a vector of length N,,,, - d; we then use a
trainable one-layer ReLU MLP to transform this
vector into the vector g; fed into (5), in place of
the word embeddings from the original word-based
model.* When a word x; has been forgotten, it is
represented in y as a single special token, LOST,

2For example, 8% of the stimuli evaluated in §4 contain at
least one OOV under the original model.

3In very rare cases of longer words, the tokens starting
from the sixth one were disregarded.

“In preliminary experiments, we also considered alterna-
tive parameterizations, such as simply summing embeddings
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Figure 2: Linear mixed-effects model fit for LCS to
Maze (Hahn et al., 2022), ET, and SPR data for filler
items from Vasishth et al. (2010). Points are individual
LCS model instances, line shows GAM smooth, x-axis
shows retention rate, y-axis shows goodness of fitin AIC
— lower is better. Maze data are better approximated by
LCS with a higher retention rate (40%) compared to ET
and SPR data (20%).

indicating that a word was present but not how
many tokens it spanned. Hence, while the model
is now specified in terms of subwords, it continues
to implement the same cognitive theory; in partic-
ular, forgetting continues to apply on the level of
words.’

Setup We train the model using this parameteri-
zation, using the GPT-2 Tokenizer, and otherwise
matching the setup of Hahn et al. (2022): The
model is trained, separately for different values
of 9, on the same English Wikipedia corpus (2.3
billion words). Paragraphs are shuffled and sepa-
rated by an EOS token. The model is applied to
contexts of size 1" across sentence and paragraph
boundaries. In evaluation, the context is padded
or truncated to length 7" (long enough to cover the
experimental stimuli); padding is removed before
passing to the GPT-2 model. We set T' = 20.

without any nonlinear transformation. We compared the op-
tions at § = 10, and chose the one with the best result on the
objective function (3-4).

>Note that another option would be to apply the model at
the level of subwords, but this would be of unclear cognitive
plausibility, as subwords do not directly correspond to any
units of theoretical cogniitive interest, and even depend on
tokenizers.



3.3 Evaluation

Hahn et al. (2022) validated that, with a nonzero
forgetting rate, their LCS implementation improved
fit to Maze RTs on their filler sentences when com-
pared to a model variant with zero forgetting rate.
These filler sentences had previously been used in
ET and SPR experiments by Vasishth et al. (2010).
Crucially, for these fillers, RT data is available from
three paradigms: Maze from Hahn et al. (2022),
ET and SPR from Vasishth et al. (2010). The fillers
comprise both critical items and fillers from Grod-
ner and Gibson (2005, Expt. 1). The items contain
a mixture of syntactic structures, including some
embedded structures. The key advantage of these
filler data compared to datasets such as the Dundee
corpus (Kennedy and Pynte, 2005) or Natural sto-
ries (Futrell et al., 2017) is that data from three
paradigms—Maze, SPR, and ET—is publicly avail-
able for exactly the same sentences, neutralizing
confounding effects of factors such as genre.

We evaluate our subword model implementation
on the same stimuli and range of modalities. This
evaluation has two goals: 1) to confirm that our
subword implementation achieves comparable fits
to reading time data as the original word-based
model, in the sense that relatively low retention
rates should model RT better than high retention
rates, and 2) to inform our later analysis of task
differences in relative clause processing. We model
reading time fit per word using the same linear
mixed-effects model structure® as Hahn et al. (2022,
Supp. Mat. §9). We also report goodness of fit in
terms of Akaike’s An Information Criterion (AIC).

Our findings (Fig. 2) are qualitatively similar to
those of Hahn et al. (2022, Supp. Mat. Fig. 30). We
observe a comparable spread of AIC values across
retention rates, with an average AAIC > 10 sep-
arating the best-fitting retention rate from others.
This stark differentiation in goodness of fit suggests
that the best-fitting retention rate captures mean-
ingful variation in reading time. Moreover, in line
with other literature (§2), we also see that memory
constraints — i.e. retention rates much lower than
100%’ — produce superior fits to human RT data.

We also reproduce the task-specific trends re-

SLMER formula: log(RT) ~ LCS +
wordPositionInltem + log(WordFreq) +
WordLength+prevWordLC'S+log(prevWordFreq)+
prevWordLength+log(prevWordRT) + (1|ItemID) +
(1| ParticipantI D)

"Note that LCS with 100% retention rate is function-
ally equivalent to pure language model surprisal, i.e. GPT2-
Medium in our implementation.
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Figure 3: Linear mixed-effects model fit for LCS to
Maze RT data on filler items (Vani et al., 2021). Points
are individual LCS model instances, line shows GAM
smooth, x-axis shows retention rate, y-axis shows good-
ness of fit in AIC. Retention rate 60—70% achieves the
best fit on average.

ported by Hahn et al.. They found that Maze RT's
were best modeled at a higher retention rate of 5 out
of 20 words (25%; compare to 40% in our imple-
mentation) compared to ET and SPR RTs, which
were best fit at 3 out of 20 words (15%; compare to
20% in our implementation). The remainder of this
paper investigates whether these task-dependent
differences can account for discrepant empirical
results from the relative clause literature.

4 Modeling Relative Clause Processing

The increased difficulty in processing object rela-
tive clauses (ORCs) compared to subject relative
clauses (SRCs) provides a testing ground for ef-
fects of memory and expectation. Memory-based
accounts such as Dependency Locality Theory
(DLT; Gibson, 1998; Gibson et al., 2000) predict
increased reading time (RT) at the ORC verb, re-
flecting integration of long-distance dependencies.
This prediction has been realized in eye-tracking
(ET) studies (Traxler et al., 2002; Staub, 2010). The
expectation-based Surprisal Theory (Hale, 2001;
Levy, 2008), however, predicts an RT slowdown
only at the start of the ORC noun phrase, and this
pattern has been found in Maze studies (Forster
et al., 2009; Vani et al., 2021). Vani et al. sug-
gest that the ORC verb slowdown found in eye-
tracking studies may reflect spillover effects rather
than memory constraints.

We explore the alternative hypothesis that ET
experiments impose lower memory demands rel-
ative to the Maze task. At lower retention rates,
lossy context surprisal (LCS) models memory con-
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straints, but not spillover effects; if LCS captures
the patterns in ET behavioral data, this supports
the interpretation that ORC verb slowdowns are
memory-driven but also modulated by task de-
mands. Using our LCS implementation with sub-
word tokenization, we generate predictions on criti-
cal RC stimuli and compare them to behavioral
results from Maze (Vani et al., 2021) and eye-
tracking (Staub, 2010; Roland et al., 2021). We
draw on Roland et al.’s statistical analysis to fur-
ther distinguish spillover and memory effects.

4.1 Selecting Retention Rate

Maze We use the same evaluation procedure de-
scribed in §3.3 on the Maze filler item RT data
from Experiment 1 of Vani et al. (Fig. 3). Note
that these model fits span a broad range of AIC val-
ues, so we can confidently state that LCS at higher
retention rates better predicts RT data from this ex-
periment. We observe similarly high performance
at 60% and 70% retention rates. As the evaluation
in §3.3 found a lower retention rate (40%) provided
the best fit to Maze data, we conservatively select
60% as more consistent with our earlier analysis.®

$This difference — 60%—70% retention, vs. the 40% found
in §3.3 — may also reflect task demands. Hahn et al. (2022)
use the A-Maze task, in which participants distinguish words
from length-matched words with low contextual probability.
Vani et al. (2021) introduce the I-Maze task variant, which
interpolates lexical and grammatical competitors and may
impose higher memory demands.
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Eye-tracking Unfortunately, filler data is not
available for either of the ET studies we aim to
model. We select 20% as our prospective reten-
tion rate based on the evaluation in §3.3. This low
retention rate is consistent with our hypothesis of
reduced memory demand in ET studies.

4.2 [Evaluating Relative Clause Processing

The previous section identified two distinct reten-
tion rates at which to evaluate LCS, based on their
fit to reading times from the Maze and eye-tracking
experimental settings. In this section, we generate
LCS predictions at these two retention rates for the
critical relative clause items tested by Vani et al.
(2021), Staub (2010), and Roland et al. (2021). Pre-
dictions at each retention rate are averaged over
multiple LCS model instances trained with differ-
ent random seeds and hyperparameter configura-
tions, with a minimum of four instances per reten-
tion rate. We then compare the predictions to the
behavioral patterns reported on these stimuli for
Maze and eye-tracking data.

4.2.1 Eye-tracking vs. Maze

We hypothesize that participants systematically en-
gage their working memory at higher capacity dur-
ing the Maze task compared to the more natural-
istic eye-tracking while reading setting. If this is
the case, then we expect that LCS at higher reten-
tion rates will predict the relative clause processing
behavior observed in Maze studies, with an ORC
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for full-NP stimuli from Roland et al. (2021, Experiment 2). At the lower retention rate (20%), LCS predicts ORC
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slowdown at the beginning of the RC noun phrase,
i.e. on the determiner. Conversely, we expect LCS
at lower retention rates to predict the pattern of
effects observed in eye-tracking studies, with the
main ORC slowdown appearing on the RC verb.

LCS predictions largely conform to the expected
patterns (Figure 4). At a 60% retention rate, LCS
mirrors the processing behavior of participants in
Vani et al.’s Maze task, with an ORC slowdown at
the determiner but not at the RC noun or verb. At
20% retention, however, we see an ORC slowdown
on the RC verb, and a relative ORC speedup on
the RC noun — both effects reported in gaze dura-
tion ET data from Staub (2010). Crucially, we see
the same pattern in LCS predictions across experi-
ments. Vani et al. use test items from Traxler et al.
(2002) in their Experiment 1, which differ from
the critical items in Experiment 1 of Staub (2010).
Nonetheless, the same memory-based pattern —
ORC slowdown on the RC verb and speedup on
the RC noun — emerges in low-retention LCS pre-
dictions for both sets of stimuli.’

We use linear mixed-effects models'” to assess
the reliability of these patterns for each retention
rate, critical region, and experiment. At the de-

*We also generate LCS predictions at both retention rates
for Experiment 2 from Vani et al./Staub, which served as a
control comparison between ORCs and embedded sentence
complements in both studies. LCS predictions capture the tar-
get effect and do not vary across retention rates — as expected
for a control experiment with no predicted memory effects —
so we do not consider these findings further.

'"LMER formula: LC'S ~ Condition + (1|ItemID) +
(1|ModelID)
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terminer, both the high- and low-retention LCS
models predict a large and significant ORC slow-
down for both experiments. This aligns with the
Maze data, but not with the ET data; there is a
small ORC slowdown on the determiner, but it is
not significant per the statistical analysis of Staub
(2010). We speculate that this absence may reflect
spillover in the SRC condition, as the determiner
directly follows the RC verb; this could raise RT
times compared to the ORC condition (in which
the determiner follows*“that"), obscuring the ORC
slowdown effect. At the RC noun, both LCS mod-
els predict a significant ORC speed-up: small at
60% retention, much larger at 20% retention. This
appears consistent with the RT data — while Vani
et al. report no RC effect here with Maze, Staub
finds a significant ORC speed-up in gaze duration.
Finally, at the RC verb, LCS captures the critical
pattern: no ORC slowdown with high retention,
as seen in the Maze data — but significant ORC
slowdown at low retention, as seen in the ET data.
This pattern supports a memory-based rather than
spillover interpretation of the ORC verb effect.

4.2.2 Memory vs. Spillover

To further investigate the role of spillover effects
in eye-tracking, we draw on the data and analysis
of Roland et al. (2021). Their Experiment 2 also
compares ORC and SRC processing on a distinct
set of RC stimuli.!! Roland et al. also conduct

"Roland et al. (2021) include an additional manipulation
of NP type, in which the RC noun is either a full noun phrase

or a pronoun. For simplicity, we consider only the full NP
stimuli here.



an extensive statistical analysis of spillover effects
on their gaze duration data. We use the estimated
coefficients from their fully specified model (2021,
Table 12) to adjust RT values while controlling for
spillover.!?

Recall that the key prediction of memory-based
accounts is an ORC slowdown on the RC verb. Fig-
ure 5 shows that this effect is visible in the original
gaze duration data, and remains after adjusting for
spillover. It also shows that this ORC verb slow-
down is predicted by LCS at 20% retention, but
not at 60% retention — a pattern consistent with
the findings of the previous section. Linear mixed-
effect model analysis confirms that both high- and
low-retention LCS models predict a significant ef-
fect of RC type at the verb, but in opposed direc-
tions: the 60% retention model predicts an ORC
speed-up, while the 20% retention model predicts
an ORC slowdown, consistent with the spillover-
adjusted RT data. Once again, the observed pattern
supports a memory-based account of the RC verb
effect observed in ET gaze data.

5 Discussion

Our main finding is that low-retention LCS repro-
duces key predictions of memory-based accounts,
and provides a plausible fit to ET data — whereas
high-retention LCS reproduces expectation-based
predictions, and better fits Maze data. The Maze
task requires that participants actively reject dis-
tractor words and select the correct sentence con-
tinuation; this activity strikes us as clearly more
cognitively demanding than naturalistic reading, so
task-dependent memory demands present a viable
explanation for these discrepant results.'> An alter-
native hypothesis suggested by Vani et al. (2021)
attributes the ORC verb slowdown seen in ET data
to spillover effects. Our analysis indicates that this
is unlikely: the ORC verb slowdown is consistently
predicted by low-retention LCS, pointing toward a
memory-driven explanation.

To be clear, we do not claim that spillover has
no systematic influence on relative clause process-
ing. The detailed modeling analysis conducted by

2Note that we adjust only for spillover predictors, not for
other estimated effects.

3While tasks with higher cognitive load are often associ-
ated with reduced memory capacity in the research literature,
we note that the cognitive load in the Maze task is not opposed
to sentence processing, but in fact perfectly aligned with it.
Higher retention of the preceding sentence context will facil-
itate higher performance on the task itself, i.e. selecting the
correct sentence continuation.
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Roland et al. (2021) indicates that spillover at least
partly accounts for the ORC verb slowdown. The
slowdown effect persists, however, even after ad-
justing for spillover, and our LCS simulations sug-
gest that the slowdown reflects memory constraints
(Figure 5).

We note that LCS consistently predicts some pat-
terns which have not been given a formal theoreti-
cal articulation. Further investigation is required to
assess when these discrepancies could be system-
atic and theoretically meaningful. The ORC noun
speed-up presents an interesting case study: this
effect is not directly predicted by either expectation
or memory accounts, but it appears robustly in both
LCS predictions and the ET data for Experiment
1 of Staub (2010). This unexpected concordance
suggests that memory constraints may also drive
this effect. On the other hand, LCS appears to
incorrectly predict an ORC slowdown at the RC
NP for the Roland et al. (2021) stimuli (Figure 5);
however, closer analysis reveals that this effect is
driven by the ORC slowdown at the determiner —
on the RC noun itself, LCS once again predicts
an ORC speedup, and this effect is larger at the
lower retention rate of 20%.!* Under LCS, mem-
ory constraints appear to drive both the ORC verb
slowdown and the ORC noun speedup, although
to our knowledge the latter effect has not been dis-
cussed in connection with memory-based accounts.
Exploring the nature of this connection could be a
promising direction for future research.

Future work could also explore alternative ap-
proaches to modeling expectation. While surprisal
theory is well-represented in the research litera-
ture and closely aligned with the standard language
model learning objective, other research has formu-
lated expectation in terms of information gain (e.g.
Hale, 2016; Hoover, 2024). Under an information
gain account, the incremental cost of processing
a given word reflects not its conditional probabil-
ity (as posited by surprisal theory), but rather the
uncertainty reduction it provides between alterna-
tive sentence continuations. Chen and Hale (2021)
use one such approach, namely Entropy Reduction
(Hale, 2003), to model the same relative clause
processing asymmetry addressed here. They use
corpus statistics to compute word-by-word transi-
tions in entropy over the probabilities of following
syntactic derivations, and find that this measure

“We are unable to compare this prediction directly to the
Roland et al. ET data, as RTs are reported for critical regions
rather than individual words.



predicts the observed ORC slowdown at both the
RC NP determiner and the RC verb. Their model
can therefore account for the ORC verb slowdown
observed in ET data — however, it would not ap-
pear to predict the pattern observed in Maze data
by Vani et al. (2021). An alternative information
gain approach (e.g. Hoover, 2024) could in prin-
ciple address such task-dependent effects. In the
meantime, we note that LCS straightforwardly cap-
tures this variation in relative clause processing as
a consequence of memory demands.

Other avenues for future research could address
further limitations of the current study. For in-
stance, it might be more appropriate to vary reten-
tion rates not only at the experiment level, but also
to model differences between individual partici-
pants. One could also pursue more interpretability
in LCS predictions through detailed analysis of spe-
cific word-level reconstructions. Lastly, this paper
focuses on one grammatical phenomenon in one
language; a thorough treatment of memory effects
in online language comprehension will naturally
require a broader scope of evaluation.

6 Conclusion

We find that manipulating the retention rate of a
lossy context surprisal (LCS) model captures task-
dependent differences observed in reading times
(RTs). Filler item RTs from the Maze task are best
fit with a relatively high retention rate (e.g. 60%),
while lower retention (20%) better predicts eye-
tracking RTs for those same items. Furthermore,
based on these task-dependent retention rates, LCS
correctly predicts critical RT patterns observed
for English relative clauses. In particular, low-
retention (20%) LCS follows memory-based the-
ories and predicts higher RTs for object relative
verbs — an effect found in eye-tracking but not
Maze studies. These results can explain the appar-
ently contradictory behavioral evidence supporting
both memory- and expectation-driven accounts: rel-
ative clause processing is likely modulated by the
memory demands of the task, and we can use LCS
to model this phenomenon.
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Abstract

Large language models (LLMs) have achieved
significant success in complex tasks across var-
ious domains, but they come with high com-
putational costs and inference latency issues.
Pruning, as an effective method, can signifi-
cantly reduce inference costs. However, cur-
rent pruning algorithms for encoder-based lan-
guage models often focus on locally optimal
solutions, neglecting a comprehensive explo-
ration of the global solution space. This over-
sight can lead to instability in the solution pro-
cess, thereby affecting the overall performance
of the model. To address these challenges, we
propose a structured pruning algorithm named
G-Pruner (Global Pruner), comprising two in-
tegral components: PPOM (Proximal Policy
Optimization Mask) and CG2MT (Conjugate
Gradient Squared Mask Tuning), utilizing a
global optimization strategy. This strategy not
only eliminates the need for retraining but also
ensures the algorithm’s stability and adaptabil-
ity to environmental changes, effectively ad-
dressing the issue of focusing solely on im-
mediate optima while neglecting long-term ef-
fects. This method is evaluated on the GLUE
and SQuAD benchmarks using BERTgAsg and
DistilBERT models. The experimental results
indicate that without any retraining, G-Pruner
achieves significant accuracy improvements on
the SQuUAD, o task with a FLOPs constraint
of 60%, demonstrating a 6.02% increase in F1
score compared with baseline algorithms.

1 Introduction

In recent years, Transformer-based pre-trained lan-
guage models (PLMs) Li et al. (2024); Guimaraes
et al. (2024); Ho et al. (2024); Xu et al. (2024);
Kojima et al. (2024) have dominated the field of
natural language processing (NLP) Shamshiri et al.
(2024); Oyewole et al. (2024); Zheng et al. (2024);

*Guangzhen Yao and Yuehan Wang contributed equally.
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Raza et al. (2024); Mei et al. (2024) due to their
outstanding performance. However, the significant
advantages of PLMs come with a substantial in-
crease in model size and high computational costs.
Pruning, as an optimization technique, can effec-
tively reduce model complexity to enhance gener-
alization ability and operational efficiency. Prun-
ing techniques include structured pruning He and
Xiao (2023); Fang et al. (2023); Sun et al. (2020);
Liu et al. (2021a); Hou et al. (2020a); Iandola
et al. (2020); Kitaev et al. (2020); Xia et al. (2022)
and unstructured pruning Cheng et al. (2023); San-
tacroce et al. (2023); Wang et al. (2020); Shi et al.
(2024); Zhang et al. (2024); Dery et al. (2024) aim-
ing to improve efficiency by eliminating redundant
parts of the model. Particularly, structured pruning
has become a key technology for addressing size
and speed issues in encoder-based language mod-
els, systematically removing redundancies without
significantly impairing model performance.
Despite this, existing pruning methods still have
limitations in practical applications. For example,
Kwon et al. (2022) avoided the high costs associ-
ated with retraining by employing three techniques:
mask search, mask rearrangement, and mask tun-
ing. However, this greedy-based pruning method
has been proved to be effective only in the short
term and faced challenges in finding global optima,
particularly when applied to complex or dynami-
cally changing tasks. Moreover, the K-Prune Park
et al. (2023) algorithm aimed to minimize pruning
errors and enhance accuracy by preserving knowl-
edge from pre-trained models. However, it did
not fully consider the accuracy of weight selection
and the long-term stability of the pruning strategy.
Similarly, the KCM Nova et al. (2023) framework
could quickly compress models and minimize per-
formance loss by accurately assessing the impor-
tance of neurons in the short term. However, it
overlooked the long-term stability and adaptability
of the model to complex tasks, especially under
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high FLOPs constraints. Although these pruning
methods can enhance the efficiency of models in
the short term, they typically have a common draw-
back: they primarily focus on finding local optima
and neglect the exploration of global optima.

To address these issues, we introduce a new
retraining-free pruning framework for Transformer
models—G-Pruner, efficiently locating global op-
tima quickly without retraining. This strategy in-
tegrates two advanced technologies: PPOM and
CG2MT. In the PPOM phase, the algorithm first
conducts a comprehensive mask search, then fine-
tunes and optimizes the selected masks using the
PPO (Proximal Policy Optimization) technique
from reinforcement learning. Subsequently, in
the CG2MT phase, we enhance the efficiency and
stability of solving asymmetric matrix problems
through an improved CGS (Conjugate Gradient
Squared ) solver.

The primary contributions of this study include:

* We propose a structured pruning algorithm
named G-Pruner, designed to prune encoder-
based language models with high precision
without the need of retraining.

* We conduct a comprehensive evaluation us-
ing the GLUE and SQuAD benchmarks on
BERTgasE and DistilBERT models to demon-
strate the performance of G-Pruner. We find
that our method not only outperforms frame-
works that are retraining-free but also sur-
passes other frameworks that do require re-
training at the same pruning cost.

Under the same FLOPs constraints, G-Pruner
significantly outperforms some existing prun-
ing techniques in pruning time without sacri-
ficing model accuracy. Even under the strict
constraint of allowing a maximum accuracy
reduction of no more than 1%, BERTgaAsE
achieves 60-70% of the original FLOPs across
all tasks.

2 Related Work

2.1 Pruning For Encoder-Based Language
Model

Pruning enhances model efficiency by removing
insignificant weights or components such as at-
tention heads or layers. There are two types: un-
structured and structured. Unstructured pruning
reduces model size by eliminating individual pa-
rameters. For example, Sanh et al. (2020) offered a
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straightforward first-order weight pruning method
for fine-tuning pre-trained models, significantly
boosting performance while maintaining high spar-
sity. Second-order methods like oBERT Kurtic
et al. (2022) used approximate second-order infor-
mation to reduce storage and computational de-
mands of BERT models. Structured pruning sim-
plifies models on a larger scale by removing en-
tire components. For example, Hardware-friendly
block structure pruning techniques Li et al. (2020)
improved compression ratios and speed through
optimizations. FLOP Wang et al. (2019) reduced
model size and enhanced training and inference
speed by maintaining dense weight matrix struc-
tures rather than sparse representations. SLIP Lin
et al. (2020) improved pruning efficiency through
feature layer normalization and unit block identifi-
cation. Sajjad et al. (2023) tackled reducing layers
in pre-trained Transformer models while maintain-
ing task-specific performance. EBERT Liu et al.
(2021b) dynamically determined pruning strategies
per input sample, significantly cutting computa-
tional load and memory use. DynaBERT Hou et al.
(2020b) adjusted BERT model size and latency
adaptively, addressing deployment challenges on
edge devices with diverse hardware performance.

2.2 Pruning For Retraining-free Structured
Model

Data-independent neural pruning algorithm Mus-
say et al. (2019) and post-training weight prun-
ing methods for deep neural networks Lazarevich
et al. (2021) aimed to effectively reduce model size
while minimizing accuracy loss. In the domain of
structured pruning, the concept of "neuron merg-
ing" Kim et al. (2020) and RED’s data-independent
structured compression technique Yvinec et al.
(2021) were employed by utilizing various tech-
nologies to maintain or enhance model accuracy
without incurring accuracy losses. However, these
methods overlooked challenges such as thorough
weight selection analysis, long-term stability, and
maintaining performance under high sparsity. To
effectively address these challenges, a novel post-
training pruning framework named G-Pruner is in-
troduced.

3 Background and Baseline Description

The core of the pruning problem is to find the opti-
mal methods for masking while considering spar-
sity constraints. This study focuses on the com-



pression of encoder-based language models, no-
tably BERTgasg and DistilBERT. These encoder-
based language models consist of two primary sub-
layer archetypes: Multi-Head Attention (MHA)
and Feed-Forward Network (FFN). In this section,
we explain how to mask the attention heads and
feed-forward networks.

3.1 Structured Pruning by Masking

The formulas for MHA and FFN are expressed as
follows:
H
MHA (;m)™4) =Y " mpi™ o Atti(z) (1)
i=1
FFN (TTT];-I-N) = (2;1 m}“:,lFN o VV:S)U (IK(I)T + bgl))) + b2
(2)

MHA for the it attention

where the mask variable m;’;

head in the [*" layer is used to decide whether to
retain (mask value of 1) or prune (mask value of 0)
that head. The operator "o" denotes the Hadamard
product (element-wise multiplication) to determine
each attention head’s contribution to the output.

In this paper, we have drawn on the research find-
ings of Kwon et al. (2022) to formalize the prun-
ing problem of encoder-based language models
as a constrained optimization problem concerning
a mask. The goal is to minimize the loss func-
tion L(m) while ensuring that the computational
cost (measured in FLOPs or latency) of the model
pruned according to mask m remains within ac-
ceptable limits. Given a mask m, the optimization
formula is as follows:

argmin L(m) s.t. Cost(m) <C  (3)

where C'ost(m) denotes the FLOPs or latency of
the architecture after pruning by mask, L(m) repre-
sents the loss function, and C'is the given constraint
on FLOPs or latency.

Within a given FLOPs constraint C', the objec-
tive is to find the optimal mask configuration m,
such that the FLOPs of the pruned model are re-
duced and the impact on performance is minimized.
The problem can be formalized as:

argmin Y T st Fheaa [[munally + Flieer [|meeslg < C
m

i€Z(m)

4)
where Fieag and Fyper respectively represent the
FLOPs required to execute a head and a filter, while
|lmmually and ||mepn||, respectively represent the
number of retained heads and filters in the MHA
and FFN layers.
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3.2 Baseline Description

In our study, we adopt Kwon et al.’s approach as
the baseline method. The framework consists of
three stages: mask search, mask rearrangement,
and mask tuning. During the mask search stage,
the Fisher information matrix is used to identify
which attention heads and filters are crucial and
should be retained, and which are relatively less
important and can be pruned. Following the initial
steps of mask search, the mask rearrangement pro-
cess relies on a greedy algorithm, which reselects
the heads and filters to be pruned by analyzing in-
teractions between layers within the model. In the
final phase of mask tuning, linear least squares are
used to minimize reconstruction error and optimize
the values of the non-zero mask variables. Since
the mask search method based on the Fisher infor-
mation matrix has been widely proven effective, no
further improvements are pursued in this study.

4 Methodology

4.1 Framework Overview

As illustrated in Figure 1, our framework is di-
vided into two main stages: the PPOM module
(Section 4.2) and the CG2MT module (Section 4.3).
During the PPOM mask optimization phase, we
utilize Fisher information to determine which at-
tention heads and filters are crucial and should be
retained, and which are relatively unimportant and
can be pruned. Subsequently, with the aid of re-
inforcement learning, the already identified mask
patterns are adjusted to better explore intra-layer in-
teractions among mask variables to optimize model
performance. Subsequently, in the CG2MT mask
tuning phase, the non-zero mask variables are fine-
tuned by restructuring inter-layer output signals to
compensate for any potential accuracy loss caused
by pruning. The framework is designed to incor-
porate three primary inputs: a Transformer model
fine-tuned for a specific downstream task, a small-
scale sample dataset (typically containing 1,000 to
2,000 examples), and a resource constraint condi-
tion.

4.2 PPOM(Proximal Policy Optimization
Mask)

While Fisher information-based mask search effec-
tively identifies key model parameters, it doesn’t
guarantee minimal gradient impact during early
pruning stages. Thus, initial pruning results often
need detailed reordering and optimization. Com-



FFN

MHA

m) MHA

E]

- |

(a) Initial Mask

(b) PPOM

m; m;

m:VIHA m?/[HA
n 0 n 0
o E B
Rl [
(c) CG2MT

Figure 1: Overview of the G-Pruner framework. (a) Mask variables initialized to 1. (b) PPOM (Section 4.2)

and (¢) CG2MT (Section 4.3).

mon greedy algorithms attempt to reduce overall
gradient impact through local optimization but may
not fully optimize model performance long-term.
To address this, we propose using the PPO algo-
rithm for further mask refinement. Initially, we an-
alyze masks derived from Fisher information and
gradient data for each layer, focusing on weight
matrices, pruning masks, and gradients. For layers
where all elements are fully pruned or untouched,
the original mask remains. For other layers, we
reorder neurons or attention heads based on their
impact on model performance and gradients.

4.2.1 Design Actors and Critics

In our study, we employ the Actor-Critic frame-
work, combining the value function (Critic) and
the policy function (Actor) to learn jointly. The
primary task of the Actor network is to intelligently
generate policies mp(a; | s¢) tailored to different
states s;. It not only handles decision-making for
individual states but also manages challenges posed
by multidimensional and complex state spaces. In
specific environmental states, the Actor network
employs intricate computations to output a series
of probability distributions directly linked to poten-
tial actions. Particularly when integrated closely
with attention mechanisms, the Actor network can
finely assess and optimize different attention heads
or neurons.

During the pruning process, "state" refers to the
current parameter state of the neural network, in-
cluding weight matrices, pruning masks, gradients,
and other information. The Actor network receives
these state representations as inputs and generates a
probability distribution describing the likelihood of
each action (e.g., preserving or pruning a neuron).
The length of the output vector equals the number
of actions and can be a two-dimensional vector
where each element represents the probability of a
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corresponding action. This probability distribution
can be expressed as:

&)

mo(as | s¢) = softmax(fy(s¢))

where fy(s;) denotes the output layer of the Actor
network with parameters 6, predicting scores for
each action a; given state s;. The softmax function
transforms these scores into a probability distribu-
tion, ensuring that the probabilities of all actions
sum to 1.

The Critic network, as a core component of the
value function estimator, is primarily used to assess
the expected impact of each pruning operation on
the overall performance of neural networks, specif-
ically the expected cumulative return. Based on
the Critic network’s output of expected cumula-
tive return, each pruning decision is evaluated for
its effectiveness. Higher expected returns indicate
potential benefits to network performance, while
lower returns may lead to performance degradation.

Its design aims to output the expected value
V., (s¢) of the current state to guide policy updates
in the Actor network. Specifically, the Critic net-
work is trained by minimizing the mean squared
error (MSE) between its predicted value and the
actual reward:

L(w) = El(ye — Vio(51))?]

where w represents the Critic network parameters,
Y 1s the expected cumulative reward at time step
t, and V,,(s;) is the Critic network’s output layer
responsible for predicting the expected cumulative
reward value given state s;.

(6)

yr = Ry + YV (5441) @)

where I; denotes the reward at time step ¢, +y is the
discount factor, and V,,(s;+1) is the estimated state
value function at time step ¢ + 1.



The evaluation results of the Critic network are
used as feedback to adjust the pruning strategies
generated by the Actor network. This feedback
directly influences the decision-making process of
the Actor network, enabling it to intelligently se-
lect pruning operations. Through continuous learn-
ing and evaluation, the Critic network dynamically
adjusts pruning strategies. For instance, in each
pruning iteration, based on the evaluation results
of the current state, the Critic network can recom-
mend whether to retain or prune specific layers or
neurons, thereby maximizing the overall network
performance. In summary, the Critic network col-
laborates with the Actor network to evaluate the
effectiveness of its strategies and provide feedback,
optimizing the pruning decision-making process of
neural networks.

4.2.2 Pruning Execution

Based on the policy (probability distribution) gen-
erated by the Actor network, pruning operations
are selected. These operations can be binary (re-
tain or prune) or more complex (applying different
pruning probabilities to each neuron or attention
head). According to the policy outputted by the
Actor network, a corresponding pruning mask M
is generated to determine whether each neuron or
attention head should be pruned. The process of
generating the pruning mask is as follows:

M = Bernoulli(mg(ay | s¢)) (8)
where 7p(a; | s¢) is the probability distribution
outputted by the Actor network. The Bernoulli
function generates a binary vector M, where each
element represents the operation on the correspond-
ing neuron or attention head (1 for retain, O for
prune).

4.2.3 Algorithm Updates

In the pruning task, the advantage function calcu-
lates the expected gain or loss after performing
pruning operations. This metric is used in the PPO
algorithm to compute policy gradients, guiding the
Actor network to update its policy to maximize
long-term cumulative rewards. The formula for the
advantage function is:

Astyar) = yr — Vi (st) )

where y; represents the expected cumulative re-
ward after taking action ay in state s, and V,,(s¢) is
the estimated state value function outputted by the
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Critic network, indicating the expected cumulative
reward in state s;.

In the pruning task, the PPO algorithm updates
the Actor network parameters by maximizing the
objective function of proximal policy optimization
before and after policy updates. The primary goal
of the Actor network is to generate a probability
distribution for pruning decisions to optimize the
performance or efficiency of the neural network.
Specifically, the PPO algorithm first computes the
importance sampling ratio () between the new
and old policies:

mo(ar | s¢)

7T6.old(a’t | St)

ri(0) = (10)
where mg(a; | s;) and g, (a; | s¢) denote the
probabilities of taking action a; under state s; for
the new and old policies, respectively.

The objective function of PPO aims to maximize
the advantage function A(s;, a;), while constrain-
ing the policy update magnitude through a clipping
function pjip(7¢(#)). The formula is as follows:

JOP(9) = E(s a0y, [min(r(8) A(s, ar), peiip (1 (0)) A(st, a)]
(1)
By maximizing the objective function JP(6),
we effectively update the Actor network parameters
0 to optimize pruning decision strategies.
In the PPO algorithm, Actor network parameter
0 is updated using policy gradient methods with
the update formula:

0« 0+ 0VyJ(0) (12)

where o4 is the learning rate of the Actor network.

The Critic network also updates its parameter
w to more accurately estimate the performance
change of the neural network after pruning opera-
tions. The update formula for the Critic network
is:

W w— O’vaL(w) (13)

where o€ is the learning rate of the Critic network.

In each iteration, the Actor network determines
pruning probabilities for each neuron using current
model gradient information, guiding network struc-
ture evolution. Simultaneously, the Critic network
assesses expected model performance post-pruning,
balancing exploration and efficiency. Despite ini-
tial mask imperfections, the PPO algorithm reduces
reliance on single Fisher information, enhancing
method effectiveness by analyzing intra-layer inter-
actions. This adaptive approach optimizes perfor-
mance iteratively throughout pruning.



4.3 CG>MT(Conjugate Gradient Squared
Mask Tuning)

In the PPOM stages, to simplify the search dur-
ing the model pruning process, the mask values
are strictly constrained to O or 1. As the process
advances, this restriction is gradually relaxed, the
non-zero variables in the mask can be adjusted to
any real number, with the objective of restoring
the accuracy of the pruned model by fine-tuning
the mask variables. Nonetheless, when the least
squares method is used for solving, numerical in-
stability may be encountered, especially when fac-
ing extremely unstable or ill-conditioned problems.
To address such challenges, the CGS solver pro-
vides an optimization strategy for efficiently solv-
ing asymmetric matrix problems. This solver per-
forms double the computations in each iteration
and squares the residuals, which not only acceler-
ates convergence but also enhances the stability of
the algorithm.

In our framework, we utilize the CGS solver to
adjust the mask variables in the pruned model to
minimize the reconstruction errors between differ-
ent layers. The specific operations are as follows:
Starting from the first layer of the model, we use
the remaining heads or filters after pruning to recon-
struct the output activations of the original model.
This process can be formally represented by the
following mathematical formula:

argmin ||z + layer(z;my) — (2' + layer(a’; 1))||5

| (14)
where x and x’ are the inputs to the pruned and
original model layers, respectively, and layer can
be either MHA or FEN. Furthermore, we simplify
this problem into a CGS solver problem, expressed
by the following formula:

arg min || Am; — b||3 (15)
my

where vector b represents the difference between

the output activations of the two models. Matrix

A represents the output activations of the heads or

filters pruned by a binary mask.

Considering the large scale of matrix A, direct
application of CGS solver might lead to numerical
stability issues. Therefore, we reparameterize the
CGS solver problem and transform it into a damped
problem, enhancing the stability of the solution
by fixing the damping value at 1. The formula is
expressed as:
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argmin ||[Ar; + A -1 —b||§ (16)
T

where m; = 1 + r;.  Additionally, to prevent
the adjusted masks from negatively impacting the
model’s accuracy, we restrict the range of the ad-
justed mask variables to between [—10, 10]. If we
find that the mask of any layer exceeds this range,
we discard that layer’s mask and cease further mask
adjustments.

Algorithm 1 CGS Solver Iterative Mask Optimiza-
tion Algorithm

1: Initialize: Start with an initial guess zg, com-
pute the initial residual rg = b — Axg, set
Ppo = 1o, initialize step size coefficient ag = 0,
auxiliary variables uy = 0, vg = Apyg, and ry
is the initial direction vector for iteration.
Iteration step: For each iteration k
0,1, 2, ... until convergence criteria are met.

3: Compute step size coefficient: oy, = ;%ZZ

4: Update auxiliary variable: qi1 = ur — apvk

5: Update solution vector: xx+1 = Xk +
ok (1 + ug)

6: Update residual vector: 7py1 = 7, —

g (g1 + g + vg)
: Check for convergence: If |[ryi1]| is small
enough, stop the algorithm.

Calculate correction coefficient:
T£+1Tk+1

T{Tk
Update another auxiliary variable: w41
Thy1 + Beqri1

Update direction vector: vg1 = Augq1

Br

10:

This iterative process starts from the first layer of
the neural network and progresses to the final layer,
ensuring that while model parameters are reduced,
performance loss is minimized as much as possi-
ble. Each iteration entails precise tuning of the
mask variables, with the goal of preserving accu-
racy while pruning the model architecture. This in-
tricately crafted optimization process enables us to
strike a fine balance between the model’s complex-
ity and performance, guaranteeing that the pruned
model maintains accuracy levels comparable to
those of the original model while streamlining its
structure.



Table 1: G-pruner compares its accuracy against the baseline model under various FLOPs constraints.

BERTgAsE
Method QQP MNLI SST-2 QNLI SQuAD; ; SQuADs
FLOPs 60% 65% 70% 60% 65% 70% 60% 65% 70% 60% 65% 70% 60% 65% 70% 60% 65% 70%
Baseline 87.40 87.55 87.71 80.52 81.54 81.52 90.50 90.91 91.30 87.04 87.46 87.92 83.82 84.34 84.89 72.29 72.88 73.41
G-pruner | 90.63 90.84 90.98 82.87 83.41 83.92 92.89 93.22 93.50 90.50 90.82 91.10 87.52 88.05 88.57 78.31 78.62 78.93
+323% +3.29% +3.27% | +2.35% +2.87% +2.40% | +2.39% +2.31% +2.20% | +3.46% +3.36% +3.18% | +3.710% +3.71% +3.68% | +6.02% +5.74% +5.52%
DistilBERT
Method QQP MNLI SST-2 QNLI SQuAD, ; SQuADs
FLOPs 60% 65% 70% 60% 65% 70% 60% 65% 70% 60% 65% 70% 60% 65% 70% 60% 65% 70%
Baseline 85.92 86.32 86.71 78.83 79.25 79.64 88.60 88.82 89.00 84.90 85.06 85.41 80.12 80.73 81.46 62.00 62.35 62.71
G-pruner | 89.20 89.55 89.93 81.05 81.49 81.89 90.85 91.08 91.23 88.20 88.44 88.65 83.22 84.03 84.76 67.29 67.64 67.93
+3.28% +3.23% +3.22% | 42.22% +2.24% +2.25% | +2.25% +42.26% +2.23% | +3.30% +3.38% +3.24% | +3.10% +3.30% +3.30% | +5.29% +5.29% +5.22%
* G-Pruner(,,y, * SLIP  EBERT Sajjad et al. KCM % FLOP % Fast K-prune DynaBERT
, QQP MNLI SST-2 QNLI

10
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Figure 2: Based on the BERT g, sg model, we compare the performance of our pruning method with several

existing structured pruning techniques.
5 Experiments

5.1 Experimental Setup

Datasets and Pretrained models. Our research
utilizes PyTorch v1.9.1 and Hugging Face’s Trans-
formers v4.12.0. Experiments are conducted on a
single NVIDIA GeForce RTX 3090 GPU for effi-
ciency and result reproducibility. We evaluate our
pruning method on popular benchmarks: GLUE
for tasks like QQP (364K), SST-2 (67K), MNLI
(392K), and QNLI (105K), and SQuAD1.1 (88K)
and SQuAD2.0 (130K) for question-answering.
We focus on BERTgasg and DistilBERT models.
Competitors and and Performance Compari-
son. In our research, we conduct detailed compar-
isons of our pruning method with several domain-
specific retraining-free algorithms: KCM Nova
et al. (2023), Kwon et al. (2022), and K-prune Park
et al. (2023). Additionally, we compare against
recent retraining-based algorithms like Flop Wang
et al. (2019), SLIP Lin et al. (2020), Sajjad et al.
Sajjad et al. (2023), EBERT Liu et al. (2021b), and
DynaBERT Hou et al. (2020b). These comparisons
focus on performance metrics under various FLOPs
constraints. Given the slight variations in baseline
accuracy among these papers, directly comparing
the absolute accuracy of pruned models is chal-
lenging. To facilitate effective comparisons, we
adopt accuracy degradation (i.e., the difference in
accuracy between pruned and original models) as
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the primary evaluation metric. Regarding pruning
efficiency, our focus is primarily on performance
under a 60% FLOPs constraint.

Baseline Configuration. We use BERTgAsE
and DistilBERT as our baseline models, maintain-
ing their original architectures and configurations.
For pruning, we randomly select 2,000 samples
from their training sets to ensure swift and efficient
processing, avoiding overfitting while preserving
model accuracy. We evaluate accuracy on GLUE
tasks and F1 score on SQuAD tasks. To ensure
reliable results, we conduct experiments with ten
random seeds and report average outcomes.

5.2 Accuracy Comparison

As shown in Figure 2, while all methods inevitably
sacrifice some degree of accuracy when reducing
FLOPs, our approach exhibits the least accuracy
degradation in most cases. Particularly under more
lenient FLOPs constraints, its performance advan-
tage becomes more pronounced. This suggests
that at the same pruning cost, our method achieves
significantly higher accuracy compared to other al-
gorithms. In other words, if we can maintain the
same level of accuracy as other algorithms, we can
perform more extensive pruning operations.

As shown in Table 1, we compare the accuracy
of BERTgsg and DistilBERT models against the
baseline model under different FLOPs constraints.
The results indicate a significant improvement in
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Figure 3: Under a 60% FLOPs constraint, the ac-
curacy of compressed models is compared with the
time cost required for pruning.
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Figure 4: Despite a strict 1% maximum allowable
drop in accuracy,BERT g, sk achieves 60-70% of the
original FLOPs for all tasks.

accuracy with G-Pruner. Particularly, under a 60%
FLOPs constraint, the model achieves a 6.02%
higher F1 score on the SQuAD; o task compared
to the baseline model.

5.3 Speed Comparison

As shown in Figure 3, we evaluate the cost-
effectiveness of each pruning algorithm by com-
paring the model accuracy at a 60% compression
rate on the MNLI and QNLI datasets and the time
required for pruning (measured in hours). Notably,
G-pruner not only shows higher accuracy than other
methods in all experimental settings but also signif-
icantly reduces pruning costs, by up to 1124 x.

54 FLOPs

As illustrated in Figure 4, we further analyzed the
accuracy variations of BERTgsg and DistilBERT
under different FLOPs constraints. Our analysis
demonstrates that with just a 1% decrease in accu-
racy, BERTpasg maintains 60-70% of its original
FLOPs across all tasks.

5.5 Ablation Studies

As shown in Table 2, we conducted ablation stud-
ies on the PPOM and CG2MT enhancement mod-
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Table 2: The ablation study, the accuracy results
under the 60% FLOPs constraint.

Accuracy(%)
| QQP MNLI SST-2 QNLI | Avg. Diff
Mask search 87.40 8052 90.50 87.04
+PPOM 89.84 81.87 9125 8933 | +L.70
+CGMT 89.67 81.58 91.66 89.07 | +1.63
+PPOM + CG?MT | 90.63 82.87 92.89 90.50 | +2.85

Pruning Time(s)

| QQP MNLI SST-2 QNLI | Avg. Diff
Mask search 3021 3144 5245 5338
+PPOM 40.15 4157 6344 64.52 | +10.55
+CG2MT 9.07 1058 16.56 16.47 | -28.70
+PPOM + CGMT | 1343 1455 2121 21.03 | -24.31

ules. While maintaining 60% of FLOPs, we set
mask search as the baseline pruning method and
then compared it with the addition of PPOM and
CG2MT modules. The results indicate that intro-
ducing the PPOM module slightly reduces model
speed, but adjusting the CG2MT module signifi-
cantly reduces the time required for model pruning.
Additionally, both PPOM and CG*MT modules sig-
nificantly improve accuracy. For instance, in the
QNLI task, the CG2MT module increases the ac-
curacy of the BERTgasg model by 2.03%, while
the CG?MT module shows a more pronounced im-
provement, boosting accuracy by 2.29%.

6 Conclusion

In this work, we introduce a structured pruning
algorithm named G-Pruner, which achieves high-
precision pruning without the need to retrain Trans-
former models. By incorporating two novel tech-
niques, PPOM and CG2MT, we effectively address
the shortsightedness problem commonly encoun-
tered in traditional methods when assessing the
importance of attention heads and feed-forward
neural networks. Simultaneously, our approach
significantly optimizes the iterative process, re-
ducing numerical instability during computation
and achieving faster convergence. Under the same
FLOPs constraints, G-Pruner significantly outper-
forms all existing pruning techniques in pruning
time without sacrificing model accuracy.
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the National Natural Science Foundation of
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Abstract

To predict upcoming text, language models
must in some cases retrieve in-context infor-
mation verbatim. In this report, we investigated
how the ability of language models to retrieve
arbitrary in-context nouns developed during
training (across time) and as language mod-
els trained on the same dataset increase in size
(across scale). We then asked whether learn-
ing of in-context retrieval correlates with learn-
ing of more challenging zero-shot benchmarks.
Furthermore, inspired by semantic effects in
human short-term memory, we evaluated the
retrieval with respect to a major semantic com-
ponent of target nouns, namely whether they
denote a concrete or abstract entity, as rated by
humans. We show that verbatim in-context re-
trieval developed in a sudden transition early in
the training process, after about 1% of the train-
ing tokens. This was observed across model
sizes (from 14M and up to 12B parameters),
and the transition occurred slightly later for the
two smallest models. We further found that the
development of verbatim in-context retrieval is
positively correlated with the learning of zero-
shot benchmarks. Around the transition point,
all models showed the advantage of retrieving
concrete nouns as opposed to abstract nouns.
In all but two smallest models, the advantage
dissipated away toward the end of training.

1 Introduction

In language models (LMs), successful prediction
of upcoming words depends on in-context informa-
tion. For example, when given the context prompt
“The novel’s plot and symbolism are centered
around three objects: a centipede, a parachute,
and a waterfall. The first and most important ob-
ject in the list is the ___”, an LM must retrieve the
noun (centipede) out of all in-context tokens to cor-
rectly predict the continuation. In human cognitive
science, this ability to flexibly retrieve items from
recent context is known as short-term memory and

56

A) Verbatim in-context retrieval as change in repeat loss

: {oo
@ S 2 -
o
|
-
2 m [patience| notion | movie | m [patience| notion | movie |
c
- Original list Repeated list

B) How is retrieval learned during C) How is retrieval learned as
training? models increase in size?

100% 100%,

Train time Model size
D) Does learning of retrieval E) Is retrieval affected by noun
correlate with learning of zero- semantics?

shot tasks?

100%
100% E=p £
ff © ©h
0% 1D

0%L— >
0% 100%

Figure 1: Overview of the approach and experiments.

is believed to be the core computation underlying
human cognition (Baddeley, 2003).

Recently, Armeni et al. (2022) showed that a
transformer language model (GPT-2, Brown et al.,
2020) develops such flexible short-term memory —
it was able to retrieve the identity and ordering of
lists of arbitrary nouns from recent context (Fig.
1, A), even though retrieval of arbitrary in-context
information is not the explicit objective of LMs (as
opposed to dedicated models of short-term memory,
e.g. Oberauer et al. 2018). Yet, studying retrieval
in a single fully-trained model on arbitrary nouns
neglects three further dimensions of the capacity:
how it is learned, how learning of this dedicated
capacity relates to models’ learning of other tasks,
and the semantics of retrieved nouns.

First, studying learning trajectories of LM ca-
pacities offers complementary insights to study-
ing only performance of fully-trained models (e.g.
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Chen et al., 2024). Previous work on LM learning
trajectories showed that transformers learn next-
token prediction by undergoing a sudden transition
(“phase change”) early during training, which co-
incides with the development of attention heads
that attend to repeated tokens (Olsson et al., 2022).
Does verbatim retrieval follow a similar learning
trajectory?

Second, the ability to retrieve and predict in-
context tokens verbatim (i.e. identity-based match-
ing) can be viewed as a rudimentary form of the
more flexible zero-shot learning, where the rele-
vant in-context information is not necessarily given
verbatim and must possibly be retrieved based on
fuzzy, similarity-based matching (Olsson et al.,
2022). How does successful learning of verbatim
retrieval relate to LM’s zero-shot performance on
more challenging benchmark tasks?

Third, while the successful retrieval of arbitrary
nouns underscores the flexibility of transformer
short-term memory, this approach neglects that the
lexicon of natural language is not a set of unorga-
nized, arbitrary words — instead, it has semantic
structure. Two prominent semantic categories are
concrete and abstract nouns. Concrete nouns (e.g.
“hammer”) have sensory referents, whereas abstract
nouns (e.g. “justice”) do not have a straightforward
sensory component. Word concreteness affects
human cognitive processing. Children typically ac-
quire concrete words, especially nouns, earlier than
abstract words (Gleitman et al., 2005). In certain
short-term memory paradigms, humans are better
at recalling concrete than abstract words (Taylor
et al., 2019). Importantly, the two word categories
differ also in their distributional properties: con-
crete words occur in a semantically narrower range
of contexts compared to abstract words (Schulte im
Walde and Frassinelli, 2022). Is the transformer re-
trieval affected by whether nouns refer to concrete
vs. abstract entities?

To address these questions, we evaluated ver-
batim in-context retrieval on the Pythia suite of
language models (Biderman et al., 2023). Lever-
aging the fact that the suite includes pretrained
LMs ranging from 14M to 12B parameters in scale
and their intermediate training checkpoints across
the entire learning epoch, we evaluated how re-
trieval develops over the course of training and
across model sizes (Fig. 1, B and C). Addition-
ally, the Pythia suite contains zero-shot evaluations
on various benchmarks for each LM checkpoint.
To test how in-context retrieval relates to LM’s
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zero-shot performance, we correlated the learning
trajectory of the retrieval against the learning trajec-
tories on zero-shot benchmarks (Fig. 1, D). Finally,
to test the role of noun semantics for in-context
retrieval, we evaluated how noun concreteness, as
rated by human participants (Brysbaert et al., 2014),
affected retrieval over the course of training (Fig.
1,E).

The main contributions of the current work are:
a) In all models, verbatim retrieval developed in a
sudden transition early during training, after about
1% training tokens elapsed, and remained constant
during the rest of training, b) learning of verbatim
retrieval was positively correlated with learning of
zero-shot task performance, and ¢) around the tran-
sition point, LMs showed an advantage to retrieve
concrete rather than abstract nouns. This advan-
tage almost entirely diminished towards the end of
training.

2 Related work

Several recent studies investigated the behavior of
LMs in domain of either verbatim or in-context
retrieval more generally. Armeni et al. (2022) de-
veloped a paradigm to test the short-term memory
ability (in-context retrieval) of LMs. They showed
that GPT-2 can retrieve the identity and ordering
of repeated arbitrary nouns, but have only tested
a single fully-trained LM and did not investigate
learning trajectories. Vaidya et al. (2023) com-
pared LM (GPT-2) and human word prediction
performance on spans of repeated text. They re-
ported that LMs’ next word prediction performance
diverges from human performance on subsequent
repetitions. They showed that GPT-2 performance
aligned better with humans if its attention heads
had a bias towards recent context. Yu et al. (2023)
investigated in-context retrieval of facts (e.g. re-
trieval of the capital city given a country name)
and how such retrieval was affected by the pre-
training statistics of retrieved facts. They showed
that LMs (Pythia) could override retrieval of (coun-
terfactual) in-context information and instead re-
trieved the fact that has a higher frequency of oc-
currence in training data (e.g., even when given
the in-context counterfactual “The capital city of
Poland is London” they tend to predict the statisti-
cally more likely “Warszaw”).

The current report is also related to the recent
work on LM interpretability and the role of atten-
tion heads in specific forms of retrieval. Several



studies (Elhage et al., 2021; Olsson et al., 2022;
Wang et al., 2023; Yu et al., 2023) have identified
circuits of attention heads that detect repeated in-
context tokens and their previous continuations; the
computations governing the behavior investigated
presently. These studies focused either on how such
attention mechanisms are learned and how they af-
fect generic next-word prediction (Elhage et al.,
2021; Olsson et al., 2022) or how these attention
mechanisms govern the retrieval of proper nouns
as direct objects in sentences (Wang et al., 2022) or
factual knowledge (direct objects, Yu et al., 2023).

Here, we complement these lines of work and
investigate retrieval as the ability of LMs to re-
trieve lists of arbitrary combinations of common
nouns (unlikely seen co-occuring during training)
and their semantic properties.

3 Methods

3.1 Verbatim retrieval paradigm

We used the verbatim retrieval paradigm introduced
by Armeni et al. (2022). Here, LMs process a short
vignette in English where a list of three arbitrary
nouns is repeated twice:

Mary read a list of words: patience, notion,
movie. After the meeting, she took a break and
had a cup of coffee. When she got back, she read
the list again: patience, notion, movie.

We refer to the first list of nouns as original list
and the second one as repeated list. This setup al-
lows us to test how the LM behavior (as reflected
in LM loss, see below) changes as the LM en-
counters the repeated list. The paradigm (retrieval
of arbitrary lists of words) is broadly inspired by
benchmarks for testing models of human working
memory (Oberauer et al., 2018). Whereas human
participants can be tested by just being presented
with lists of nouns alone, our paradigm is format-
ted such that it is more suited to be used as input
to LMs: contextualized in a simple, but plausible
natural language vignette.

3.2 Quantifying verbatim retrieval

Change in repeat loss (L") Following Armeni
et al. (2022), we operationalized retrieval as a
change in LM loss on repeated nouns. Specif-
ically, we computed the ratio in LM loss
—logy P(w¢|wy, ..., wi—1) between each noun in
the original list and its repetition k£ tokens later:
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) 1 . .
loss ratio loss(nouniyk) e 1ogs ratio per
loss(noun;)

list was obtained by averaging the noun-specific
loss ratios over the three nouns in a list. A loss
ratio < 1 indicates that the loss to the same rokens
has decreased (that is, the LM expected the token
to repeat) and is taken as evidence of verbatim re-
trieval.

To quantify retrieval as increasing with better
performance, we report it as repeat loss change
L™ =1 — loss ratio, expressed as percentage. In
this way, a 0% change in repeat loss indicates no
retrieval whereas a change towards 100% indicates
evidence towards (perfect) retrieval. Importantly,
repeat loss change is a continuous measure of in-
context retrieval, baselined against the LM loss
at the beginning of the sequence which facilitates
comparison across models (e.g. models that show
different baseline loss as expected over the course
of training and across scale) and across different
types of inputs.

noun __

3.3 Language models

Pythia suite To evaluate retrieval over the course
of training and across scale (see Section 3.4 be-
low), we used the publicly-available pretrained LM
checkpoints released as part of the Pythia language
modeling suite (Biderman et al., 2023).! Pythia is
a suite of decoder-only autoregressive transformer
LMs spanning from 14M to 12B parameters in size
together with 144 intermediate checkpoints stored
during training. The models were trained on the
Pile dataset (Gao et al., 2020), an English-only cor-
pus for training large-scale LMs containing texts
from 22 sources (for example, Common Crawl,
Wikipedia, Project Gutenberg, Books3, arXiv etc.,
see Biderman et al., 2022, for details). The model
checkpoints used in this report were trained on
the version of the dataset containing approximately
300B tokens. For the full architecture and training
details, readers are referred to the original report
(Biderman et al., 2023).

In our experiments, we evaluated the following
model sizes: {14M, 31M, 70M, 160M, 410M, 1B,
6.9B, 12B} at 18 training checkpoints spanning 6
orders of magnitude across the training steps (in
number of training tokens, 10°, ..., 10!) from the
initialized to the final fully-trained model®. All

1https: //github.com/EleutherAl/pythia

ZSpecifically we evaluated the checkpoints from the fol-
lowing training steps: {0, 1, 4, 32, 128, 256, 512, 1000, 2000,
3000, 4000, 8000, 10000, 30000, 40000, 50000, 100000,
143000}. A single step contained 2,097,152 tokens (Biderman
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Task Domain Reference

AI2 Reasoning Challenge (ARC) Multiple choice science exams Clark et al. (2018)
Lambada Discourse-based word prediction Paperno et al. (2016)
LogiQA Logical reasoning Liu et al. (2020)

Massive multitask lang. understanding (MMLU)
PiQA

SciQ

Winograd schema challenge (WSC)
Winogrande

Exam knowledge across diverse domains
Physical common-sense reasoning
Scientific knowledge

Common-sense reasoning
Common-sense reasoning

Hendrycks et al. (2021)
Bisk et al. (2020b)
Welbl et al. (2017)
Levesque et al. (2012)
Sakaguchi et al. (2021)

Table 1: The benchmark tasks used to compute in learning trajectory correlations in Fig. 3.

model checkpoints were accessed through the Hug-
gingFace Transformers library (Wolf et al., 2020).

3.4 Experiments

Experiment 1: Retrieval of arbitrary nouns
across time and scale In the first experiment,
word lists in the vignette were constructed by ran-
domly sampling nouns from the Toronto word
pool3 as used in Armeni et al. (2022). Noun lists
in the set (23 lists of 10 nouns) were constructed
such that each noun was tested in all 10 possible
ordinal positions in the list (e.g. “patience, no-
tion, movie”, “notion, movie, patience”, etc.) to
control for any position-specific retrieval effects.
This procedure resulted in the final stimulus set
that contained N = 230 samples of vignettes. In
the present experiment, we used the version of the
stimulus set where the list length was capped at 3
nouns.

Evaluating an LM on the full retrieval evaluation
suite yields one retrieval score (repeat loss change)
per each input vignette. The final retrieval score,
per each training step and per model size, was ob-
tained by taking an average across all (in this case
N = 230) scores. To minimize the potential in-
fluence of outliers in averaging, we used the 20%
trimmed mean (Wilcox and Keselman, 2003) as the
aggregating metric. The results of this experiment
are reported in Figure 2.

Experiment 2: Correlations with zero-shot
benchmark learning. To test how learning of
verbatim in-context retrieval relates to the learning
of zero-shot benchmark tasks assessing text un-
derstanding, we collected the zero-shot evaluation
results on various NLP benchmarks that were avail-
able for the Pythia suite of LMs*. Evaluations were

et al., 2023).

3http: //memory.psych.upenn.edu/files/
wordpools/nouns. txt

4https ://github.com/EleutherAI/pythia/tree/
main/evals/pythia-v1
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available for the following 6 model sizes: {160M,
410M, 1.4B, 2.8B, 6.9B, 12B} and across 27 check-
points® during training, starting with the initial and
ending with the fully-trained model. All individual
tasks (N = 65) used accuracy as the final metric.
The main groups of tasks used in the experiment
are summarized in Table 1. See Table 3, Appendix
A for the full task list.

For each benchmark task (e.g. Lambada,
SciQ etc.), we computed the correlation p'™% =
Spearman (ST, SP"<h) between the learning tra-
jectory of the benchmark task S?"" (ie. task
performance scores across the 27 checkpoints) and
the learning trajectory of our verbatim retrieval ef-
fect 5™ (i.e. repeat loss change L” across the
same 27 checkpoints). The Massive multitask un-
derstanding benchmark (MMLU, Hendrycks et al.,
2021) consists of an array of domain-specific ex-
ams (e.g. marketing, clinical knowledge, nursing)
which are grouped into 4 higher-level categories
(humanities, STEM, social sciences, and ‘other
(business, health, misc.)’, see Table 3, Appendix
A). For these grouped tasks, we first averaged the
learning trajectories per each group and then corre-
lated them with verbatim retrieval effect. We used
the rank-based Spearman correlation coefficient
where a value of 1 indicates a perfect monotoni-
cally increasing relationship between two variables
and is robust to any deviations from normality in
data distributions.

Experiment 3: Effect of noun concreteness on
retrieval. To test for retrieval of concrete and
abstract nouns, we evaluated LMs on the same
paradigm as in the first experiment, but the noun
lists were composed of either concrete or abstract
nouns. We used abstract and concrete English

3Checkpoints corresponding to the following Pythia train-
ing steps were evaluated: {0, 1, 2, 4, 8, 16, 32, 64, 128, 256,
512, 1000, 3000, 13000, 23000, 33000, 43000, 53000, 63000,
73000, 83000, 93000, 103000, 113000, 123000, 133000,
143000}.
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(a) Capacity to retrieve verbatim repetitions of arbitrary nouns (average
across three nouns in a list) is learned early during LM training and

predominantly conserved across scale.

Word position in list

(b) Retrieval improves for items
later in the list (fully-trained mod-
els).

Figure 2: Retrieval of arbitrary nouns across time and scale. Each data point represents the 20% trimmed mean
across N = 230 observations, shaded areas/error bars are 95% confidence intervals (bootstrap).

nouns collected by Brysbaert et al. (2014) where
human participants were asked to indicate “how
concrete the meaning of each word is for you” by
rating each noun on a 5-point rating scale ranging
from 1 “abstract (language-based)” to 5 “concrete
(experience-based)”. Each word was rated by at
least 25 participants and an average score across
participants represents each noun’s final rating.

Table 2: The topmost, mid and lowest ranked words and
their concreteness ratings for the concrete and abstract
noun pool.

Concrete Abstract
Rank  Word Rating  Word Rating
1 whisky 5.00 oneness 1.96
250 canister 4.93  respite 1.77
500 eyebrow 4.85  spirituality 1.07

Concreteness extremes In our experiments, we
used the “concreteness extremes” subset of the
noun pool by Schulte im Walde and Frassinelli
(2022). This subset contained the 500 nouns ranked
as most concrete and 500 nouns ranked as most
abstract. To give an idea, the topmost, mid and
lowest ranked nouns for each category are shown
in Table 2. As in Experiment 1, each noun was
presented in all ordinal positions to rule out any
position-specific effects. Our final stimulus set con-
tained, for each semantic category, N = 498 input
sequences with lists of 3 nouns.
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4 Results

4.1 Verbatim retrieval across time and scale.

Verbatim retrieval learned early in training
across model sizes. All tested models, from the
smallest (14 million parameters) to the largest (12
billion parameters), learned to retrieve verbatim
repeated nouns (Fig. 2a). At the end of training, all
models above 31 million parameters showed a near
100% repeat loss change, indicating exact retrieval.
The smallest two models (14M and 31M parame-
ters) showed weaker, yet still substantial retrieval
effect (around 80% change in repeat loss).

Inspecting the dynamics of repeat loss change
across training, we see that generally models
learned verbatim retrieval early. After about 1B
tokens (0.3% of total dataset), the change in repeat
loss starts increasing and, for all larger models,
plateaus at approximately 4B tokens (less than 5%
of the total tokens in the dataset). The smallest two
models had a slower learning curve as evidenced
in the fact that their repeat loss change plateaued
later, after roughly 20B tokens.

To confirm that reduction in repeat loss was due
to retrieval of the original nouns and not due to
LMs simply having more context when encounter-
ing nouns at the end of sequence or due to mem-
orization of lists from training data, we evaluated
the loss change in the same paradigm but where the
nouns in the second list were unrelated to the nouns
in the original list (i.e. there were no matching in-
context nouns to retrieve). Fig. 6 in Appendix A.1
confirms that no important loss change occurred
in this condition (loss change overall remained <
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Figure 4: Examples of learning trajectories (12B model)
for tasks that showed strongest correlations with verba-
tim retrieval for the largest tested model. For visualiza-
tion purposes, accuracy scores are min-max normalized
to fall in the [0, 1] range.

10%), replicating the GPT-2 results by Armeni et al.
(2022) and indicating that the change of loss was
specific to verbatim retrieval of tokens from con-
text.

Retrieval improves for nouns deeper in the list.
In the previous result, we reported repeat loss
change aggregated over all three nouns in the list.
Yet, nouns deeper in the list have an advantage be-
cause at that point the LM has seen strong evidence
of repetition. Does retrieval performance depend
on the position in the list?

In Fig. 2b, we report repeat loss change of fully-
trained models broken down per noun position
within the list. Retrieval indeed becomes better
later in the list. While all models show this trend,
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the position-specific advantage is more pronounced
for the smaller models (14M, 31M, and 70M). For
example, the 70M model shows 62% repeat loss
change on the first and a 95% change on the last
token in the list. This indicates that subsequent
repetitions reinforce the evidence that the model
has entered a repeated list and is in line with recent
results where next-word prediction performance of
GPT-2 improved on spans of repeated text (Vaidya
et al., 2023).

4.2 Correlations with benchmark task
learning

Learning of verbatim retrieval is positively cor-
related with zero-shot performance on more
challenging benchmark tasks. In Figure 3 we
show the results of the correlation experiment. Gen-
erally, most tasks showed a positive correlation
with the learning of verbatim retrieval. The correla-
tions and their reliability, as well as the benchmark
accuracy itself, tended to increase as the models
grow in size, showing that the larger models were
more robust learners overall. The highest correla-
tions were observed for the Lambada, PiQA, SciQ,
and ARC (easy) benchmarks. For example, the
largest 12B model (Figure 4) showed a near per-
fect rank correlation (p ~ 0.95) on the four tasks.
These are also the tasks where the model showed
generally the highest performance accuracy at the
end of training.

For the Winograd schema challenge, LogiQA,
and the hard version of the AI2 reasoning chal-
lenge, the correlation estimates were generally un-
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a) Each bar shows the 20% trimmed mean across N = 498

observations, error bars show 95% confidence intervals (bootstrap). See also Fig. 7 in Appendix A.2. b) Each data
point concreteness advantage: the difference in mean repeat loss change for concrete vs. abstract nouns.

stable, likely because the performance on these
benchmarks was lower to begin with. That is, even
though all the models were able to retrieve ver-
batim in-context tokens, they failed to solve the
respective benchmarks in zero-shot settings.

4.3 Effect of noun concreteness on retrieval

Concreteness retrieval advantage observed early
during training. Overall, all models learned to
retrieve either abstract or concrete nouns. Repeat
loss change at the end of training (on either re-
peated concrete or abstract nouns) was generally
high and ranged from 73% (14M model) to around
95% for models larger than 160M parameters (Fig.
5a). The 14M, 31M and 70M models showed better
retrieval for concrete nouns. The effects, although
detectable, were small — on average the relative
loss change for concrete nouns is greater by be-
tween 2% and 6% compared to abstract nouns (see
also Fig. 7, Appendix A.2 for visualizations of full
distributions).

To test whether nouns semantics affected re-
trieval during training, we computed the difference
in average repeat loss change between concrete and
abstract nouns AL" = L%, .. —L" . . across
the training checkpoints. The difference curves
in Fig. 5b show that around the transition point
(1-2B tokens intro training), when LMs begin to
learn the retrieval, concrete nouns showed 7-17%
greater change in repeat loss meaning they were
easier to retrieve than abstract nouns. The con-
creteness advantage occurred in all models and the
smallest models (14 and 70M parameters) showed
the largest effects.
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5 Discussion

We showed that transformer LMs learned verbatim
retrieval in a sudden transition, early in training,
with the performance remaining stable over the
course of training. The sharp onset of retrieval
capacity around 1-2B tokens in training (approx-
imately 1% total training data) is in line with the
results reported by Olsson et al. (2022) who showed
that the LM loss over in-context tokens started drop-
ping suddenly 1-2% tokens in training (between
2.5B and 5B tokens). Once the learning change
had occurred, the LMs became better at predicting
repeated text — which is what was tested in the
current work.

The learning trajectory of verbatim retrieval also
coincides with the LMs’ learning trajectories on
zero-shot benchmarks. This was reflected in the
generally high and robust correlations across train-
ing for select tasks in our results. Specifically, an
abrupt change around 1B tokens in training was
observed in the task of predicting the last token of
a narrative passage (Lambada, Paperno et al. 2016),
multiple choice exams (SciQ, Welbl et al. 2017,
ARC Reasoning Challenge, Clark et al. 2018), and
in the Winogrande benchmark (Sakaguchi et al.,
2021) which requires pronoun resolution based on
common-sense reasoning.

Retrieving in-context information (e.g. lists of
nouns) verbatim is a basic computation needed for
solving a zero-shot multiple-choice task: given a
prompt with only in-context instructions (that is,
the question and the list of possible answers), an
LM system must index and retrieve (i.e. increase



the probability of) the token representing the cor-
rect answer. In this sense, retrieving the correct
in-context tokens is a necessary step. It is evident,
however, that it is not sufficient and that verbatim
retrieval must be learned along with other compu-
tations.

Consider the Lambada and Winogrande bench-
marks, where the task is to predict the passage- or
sentence-final word which itself is not predictable
on the basis of immediately preceding words. To
take an example from the Winogrande benchmark:
“Robert woke up at 9am while Samuel woke up at
6am, so he had less time to get ready for school™®.
The task is to answer who the pronoun “he” refers
to (Robert or Samuel). To this end, the LM must
first establish that 9am is later than 6am — a dis-
tinct computational step indicating that “he” refers
to “Robert” — and only then retrieve the name to
be predicted as the response.

In the final experiment, we show that around the
transition point (after ~1B training tokens), when
the capacity for verbatim retrieval occurs, noun
semantics affect the retrieval — models showed
an advantage to retrieve concrete, as opposed to
abstract nouns. Why would LM in-context retrieval
be sensitive to noun semantics?

In humans, concrete words, especially nouns,
tend to be acquired earlier in development com-
pared to abstract words (Gleitman et al., 2005).
This advantage is presumably conferred by hearing
words for concrete objects and concurrently observ-
ing or interacting with the objects the heard words
refer to in the world. LMs as text-based statistical
learners by construction have no direct access to
word semantics via experience or text-external data
(Bisk et al., 2020a). Nevertheless, text statistics,
governed by human language use, can serve as a
cue to the semantic structure of language — in
this case, the lexicon. It is an empirical question
whether and what aspects of the linguistic system
are in fact recovered by LMs in the service of the
next-word prediction objective and subsequently re-
flected in the LM behavior or internal mechanisms
(Manning, 2022; Pavlick, 2023).

We speculate that earlier in training, LMs are
leveraging the fact that concrete nouns tend to
be used in more predictable, less diverse contexts
(Schulte im Walde and Frassinelli, 2022) where
presumably token repetition would be more likely
to occur. However, once the LMs and the training

https://winogrande.allenai.org/
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compute scale in size, this distributional difference
no longer confers an important advantage for re-
trieval. The phenomenon of concreteness advan-
tage early, but not later in training underscores the
general notion that with the increasing amounts of
training data, LMs as machine learning systems
become incommensurate with human learners (see
also Vaidya et al., 2023), who operate on the or-
der(s) of magnitude smaller amount of learning
data, at least in terms of number of words — recent
estimates point to around 100M words by adoles-
cence (Warstadt and Bowman, 2022).

Future work. In this study we investigated re-
trieval across a diverse set of nouns, and broken
down by a core semantic dimension. However,
LMs are statistical learners. A dimension of future
work will be to disentangle the learning sources
that LMs leverage to perform retrieval. In a recent
study, Yu et al. (2023) showed that pretraining fre-
quency can override the retrieval of counterfactual
in-context information. An LM is more likely to
predict a proper noun that was frequently occur-
ring in pretraining, e.g. “Warszaw”, even when the
counterfactual in-context prompt suggests it should
retrieve a different name ( “The capital of Poland
is London. What is the capital of Poland?”). Our
present results do not speak directly to this issue
as our paradigm does not involve counterfactuals.
It is based on lists of arbitrary nouns that unlikely
frequently co-occurred in pretraining data. How-
ever, it would be important to establish whether
and to what extent the in-context retrieval in gen-
eral is governed by the pretraining frequencies of
individual common nouns and to what degree this
capacity is robust to pretraining statistics.

Finally, our measure of verbatim retrieval is a
behavioral measure insofar that it only takes into ac-
count the output of the LM. The field of model inter-
pretability has seen an increased interest in recent
years and aims to reverse engineer the computa-
tions of LMs (e.g. Olsson et al., 2022; Elhage et al.,
2021; Wang et al., 2023; Zhang and Nanda, 2023,
among others). Future work could focus on investi-
gating the internal mechanisms and their causal role
in transformer in-context retrieval. There is con-
sistent evidence suggesting that LMs develop ded-
icated attention heads (Olsson et al., 2022; Wang
et al., 2023; Yu et al., 2023; Vaidya et al., 2023)
governing the retrieval capacity. Whereas this line
work frequently focuses on interpretability for prac-
tical purposes (e.g. better control of LM output in
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downstream applications), it would be valuable to
simultaneously develop a more fine-grained com-
putational characterization of LM mechanisms in-
terpretable with respect to cognitive science con-
structs like the short-term memory (Cowan, 2017).
In cognitive neuroscience, language features de-
rived from transformer LMs (contextualized word
embeddings) are currently among the best perform-
ing when it comes to predicting brain data recorded
in human language processing tasks (e.g. Schrimpf
et al., 2021; Goldstein et al., 2022; Caucheteux and
King, 2022). However, these high-dimensional fea-
tures and the resulting statistical fits are frequently
hard to interpret. Coupled with loose theoretical
motivations such high predicting models can be
right for the wrong scientific reasons (see e.g. An-
tonello and Huth, 2023). A better characterization
of LM mechanisms in terms of cognitive capacities
(e.g. Lakretz et al., 2022) would be instrumental
in understanding how and why LMs succeed in
modeling human brain and cognitive data.

6 Conclusion

Retrieving information from context is an impor-
tant capacity of transformer language models. In
this work, we investigated how the ability to re-
trieve repeated nouns from context develops across
LM training and scale and its dependence on
whether the retrieved nouns denote concrete or ab-
stract entities. Retrieval was learned early in train-
ing across scale and once learned, it remained sta-
ble. Retrieval learning was robustly correlated with
learning of zero-shot task performance. Around the
point when the in-context retrieval was learned, the
models showed advantage to retrieving concrete
as opposed to abstract nouns and the advantage
dissipated as the models saw more training data.

7 Limitations

There are certain limitations to current work. While
our test suite was designed to test arbitrary target
nouns, we did not investigate whether and how well
LM retrieval generalizes to other parts of speech
(say, to verbs, adjectives). Similarly, the currently
reported paradigm relies on a single vignette, it
would be important to use a more diverse set of vi-
gnettes to confirm that the results generalize across
topic domains. However, given the robustness and
size of the effect here and in past reports by others,
it is likely that the finding would generalize across
a diversity of vignettes. Finally, our results are
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limited to English, which currently the dominant
language in terms of available resources in lan-
guage technologies. Extending the study to other
languages with, for example, different grammatical
properties (e.g. richer noun morphology) or less
resources would be a welcome effort.

Data and Code Availability

The code used to run the experiments is available
at: https://github.com/KristijanArmeni/
verbatim-memory-in-NLMs

The materials and data used in the experiments are
available at: https://doi.org/10.17605/0SF.
TI0/A6GSW

Computational requirements

Experiments described in this report were run
on the A100 Nvidia GPU nodes on an high-
performance computing cluster (HPC). To evaluate
the smallest (14M) model, we requested 8GB of
RAM and the evaluation completed on the order of
a few minutes. RAM requirements were progres-
sively increased to evaluate larger models. For the
largest (12B) model, we requested 80GB of RAM
and the evaluation completed in about 30 minutes.
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A Appendix A

A.1 Retrieval control

Figure 6 shows memory retrieval results when
nouns are not repeated.
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Figure 6: Evaluating repeat loss change in a control condition where there were no verbatim repeated in-context
nouns (hence, no retrieval was possible). Each data point shows the 20% trimmed mean across N = 230
observations, shaded areas/error bars are 95% confidence intervals (bootstrap).
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Figure 7: Data distributions comparing retrieval scores for concrete and abstract nouns for 4 smallest models from
Fig. 5. Each violin plot KDE density estimates over N = 498 data points. The inner lines show the first, second

(median) and the third quartiles of the distribution.

A.2 Abstract vs. concrete data distributions
The violin plots in Fig. A.2 show the distributions
underlying respective bar plots in Fig. 5a.

A.3 Zero-shot benchmark tasks overview

The full list of benchmark tasks used in Experiment
2 is provided in Table 3.
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Table 3: Benchmark categories for the Pythia models. The Task Key column corresponds to the task key used in the
Pythia evaluation files (https://github.com/EleutherAI/pythia/tree/main/evals/pythia-v1).

Benchmark Name

Benchmark Subcategory

Task Key

O 00NN W —

ARC (challenge)
ARC (easy)
Lambada (OpenAl)
LogiQA
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
MMLU
PiQA
SciQ
Winogrande
WSC

None

None

None

None

MMLU (Soc. sci.)
MMLU (Soc. sci.)
MMLU (Other)
MMLU (Other)
MMLU (STEM)
MMLU (Other)
MMLU (Other)
MMLU (STEM)
MMLU (Humanities)
MMLU (Humanities)
MMLU (Other)
MMLU (Humanities)
MMLU (Other)
MMLU (Soc. sci.)
MMLU (Other)
MMLU (Soc. sci.)
MMLU (STEM)
MMLU (STEM)
MMLU (STEM)
MMLU (Other)
MMLU (Humanities)
MMLU (STEM)
MMLU (Soc. sci.)
MMLU (Humanities)
MMLU (STEM)
MMLU (Soc. sci.)
MMLU (STEM)
MMLU (Humanities)
MMLU (STEM)
MMLU (Soc. sci.)
MMLU (STEM)
MMLU (Other)
MMLU (Soc. sci.)
MMLU (Other)
MMLU (STEM)
MMLU (Humanities)
MMLU (STEM)
MMLU (STEM)
MMLU (STEM)
MMLU (Soc. sci.)
MMLU (Other)
MMLU (Humanities)
MMLU (Other)
MMLU (Humanities)
MMLU (STEM)
MMLU (Humanities)
MMLU (STEM)
MMLU (Soc. sci.)
MMLU (Other)
MMLU (STEM)
MMLU (Other)
MMLU (Soc. sci.)
MMLU (STEM)
MMLU (Soc. sci.)
MMLU (Humanities)
MMLU (Humanities)
MMLU (Humanities)
None

None

None

None

arc_challenge

arc_easy

lambada_openai

logiqa
mmlu_high_school_government_and_politics
mmlu_sociology
mmlu_business_ethics
mmlu_medical_genetics
mmlu_high_school_physics
mmlu_professional_medicine
mmlu_miscellaneous
mmlu_college_physics
mmlu_professional _law
mmlu_high_school_world_history
mmlu_global_facts
mmlu_high_school_us_history
mmlu_marketing
mmlu_high_school_microeconomics
mmlu_college_medicine
mmlu_human_sexuality
mmlu_electrical_engineering
mmlu_elementary_mathematics
mmlu_high_school_chemistry
mmlu_professional_accounting
mmlu_world_religions
mmlu_machine_learning
mmlu_high_school_psychology
mmlu_moral_scenarios
mmlu_high_school_computer_science
mmlu_security_studies
mmlu_computer_security
mmlu_high_school_european_history
mmlu_college_computer_science
mmlu_econometrics
mmlu_college_mathematics
mmlu_clinical_knowledge
mmlu_professional_psychology
mmlu_nutrition
mmlu_abstract_algebra
mmlu_logical_fallacies
mmlu_astronomy
mmlu_high_school_mathematics
mmlu_high_school_biology
mmlu_high_school_geography
mmlu_anatomy
mmlu_jurisprudence
mmlu_management
mmlu_prehistory
mmlu_college_biology
mmlu_moral_disputes
mmlu_high_school_statistics
mmlu_us_foreign_policy
mmlu_human_aging
mmlu_college_chemistry
mmlu_virology
mmlu_public_relations
mmlu_conceptual_physics
mmlu_high_school_macroeconomics
mmlu_international_law
mmlu_philosophy
mmlu_formal_logic

piqa

sciq

winogrande

WSC
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Abstract

Evaluation of text generation to date has pri-
marily focused on content created sequentially,
rather than improvements on a piece of text.
Writing, however, is naturally an iterative and
incremental process that requires expertise in
different modular skills such as fixing outdated
information or making the writing style more
consistent. Even so, comprehensive evaluation
of a model’s capacity to perform these skills
and the ability to edit remains sparse. This work
introduces EDITEVAL: An instruction-based,
benchmark and evaluation suite that leverages
high-quality existing and new datasets in En-
glish for the automatic evaluation of editing
capabilities, such as making text more cohe-
sive and paraphrasing. We evaluate several pre-
trained models, which shows that InstructGPT
and PEER on average perform the best, but
that most baselines fall below the supervised
state-of-the-art, particularly when neutralizing
and updating information. Our analysis also
shows that commonly used metrics for editing
tasks do not always correlate well, and that
prompts leading to the strongest performance
do not necessarily elicit strong performance
across different models. Through the release
of this benchmark,! and a publicly available
leaderboard challenge,2 we hope to unlock fu-
ture work on developing models more capable
of controllable and iterative editing.

1 Introduction

Large pre-trained language models have shown im-
pressive text generation capabilities for a wide va-
riety of tasks such as question answering, textual

'Code and data available at https://github.com/
facebookresearch/EditEval

2https://eval.ai/web/challenges/
challenge-page/1866/overview
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entailment, and summarization (Devlin et al., 2019;
Radford et al., 2019; Raffel et al., 2020; Brown
et al., 2020; Zhang et al., 2022; Chowdhery et al.,
2022). However, to date, most work employing
language models has focused on generating im-
mutable text in a single pass. This is in stark con-
trast to the way in which humans develop articles
of text, which is naturally an iterative process of
small steps, each with a precise purpose (Seow,
2002). This is a crucial process because it allows
for analysis of “what’s working, what isn’t, and
what it still needs” and adaptation to these needs
along the way (Jackson, 2022). In many cases, a
needed change may only become apparent after
much of the text is created, such as in the case of
a reorganization or fixing inconsistencies or con-
tradictions (Vardi, 2012). In this way, the current
paradigm of generating text passages in a single
pass can be severely limiting.

Additionally, the current paradigm of contin-
uous left-to-right generation is less controllable
and not flexible to human-in-the-loop collabora-
tion and feedback, and this absence of experienced
human mediation in the writing process can be
highly detrimental to the quality of the final prod-
uct (Greenberg, 2010). While there are some exist-
ing production tools geared towards working with
humans to compose articles and emails, such as
Grammarly®, Smart Compose from Google* and
text predictions from Microsoft>, a majority focus
on sentence completion rather than iteratively im-
proving upon prior text. A more powerful editing

3https://www.grammarly.com/

*https://www.blog.google/products/gmail/subject-write-
emails-faster-smart-compose-gmail/

>https://insider.office.com/en-us/blog/text-predictions-in-
word-outlook

Proceedings of the 28th Conference on Computational Natural Language Learning, pages 69-83
November 15-16, 2024 ©2024 Association for Computational Linguistics


https://github.com/facebookresearch/EditEval
https://github.com/facebookresearch/EditEval
https://eval.ai/web/challenges/challenge-page/1866/overview
https://eval.ai/web/challenges/challenge-page/1866/overview

=] Edit Eval

The benchmark for text improvements

Barack Obama and Hillary Clinton were both rurnring—for<!

the—Demeceraticpartyneminationcandidate nominees of ! tRheist;;iie :
the Democratic party for the 2008 Presidential election. ' __ _ .. ___
i 1 On June 3rd, Obama received enough endorsements to
| Make the Frighth-clinch the nomination. Obama went on to win the
| textneutral | general election against Republican John McCain and VOQ;,(;,(E;T
““““““ became the eurrent44th President of the United States of< 05 ‘
America. | article |
———————— 1
: Simplify the | Clinton went on to serve as the 67th United States
| text —>Secretary of State;—servirg within the Obama
——————————— administration. In the 2016 Presidential election, she
ERREE 1 became the nominee of the Democratic party, becoming
Fix | the first woman to be a nominee of a major U.S. political
| grammar  _.party. Clinton, however, teselost the general election to ==~~~ TToTT
| errors | Donald Trump. Clinton’s third memoir, What Happened,«— Addmissing |
information |

___________

features an account of her loss in the 2016 election. [

Figure 1: Examples of instructions for paraphrasing, neutralization, simplification, fluency, and updating information
as well as their corresponding expected edits. For illustrative purposes, we ground these examples in the same
passage, but examples in EDITEVAL follow the format as described in Section 6.

assistant, however, should not only be capable of
providing recommendations for text continuations
but also permit non-sequential development of the
text (Seow, 2002). Editing can be absolutely criti-
cal, for example, if new or missing information or
external citations are required to update the text or
if a reshuffling/rebalancing of text is needed.

In this work, we alternatively promote iterative
text generation and improvement—successive iter-
ations of modular additions and modifications of
the text that are relevant to text editing, such as
making the text clearer and adding missing infor-
mation. Many datasets for natural language tasks
are actually annotated at the sentence or paragraph
level, rather than document or article level, natu-
rally lending well to evaluating iterative edits.

We create EDITEVAL, a benchmark and evalua-
tion suite that leverages high-quality existing and
new datasets for the automatic evaluation of edit-
ing capabilities. Currently, many of these relevant
datasets live in separate packages and are often
formatted in uniquely different ways. EDITEVAL
downloads each dataset from their most recent ver-
sion and standardizes these into a single format
conducive to evaluation. Additionally, we include
popular metrics for each task and a set of human-
generated prompts to robustly measure a model’s
capability in executing the modular task when in-
structed. Figure 1 shows examples of such prompts
and an example of a corresponding edit that we
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might expect for each prompt. Using these prompts,
we evaluate and compare several state-of-the-art
language models, such as OPT (Zhang et al., 2022),
GPT-3 (Brown et al., 2020), and PEER (Schick
et al., 2022). In summary, our contributions are as
follows:

1. We identify a set of tasks and datasets rele-
vant to iterative text improvement and pro-
vide a pipeline to download and process these
datasets into a single format.

We open-source a publicly available
instruction-based benchmark and leaderboard
for automatic evaluation according to metrics
commonly used for each editing task.

. We introduce a new dataset, WAFER-INSERT,
for evaluating a model’s capability to update
information, which is based on the WAFER
dataset (Petroni et al., 2022).

We provide a comparison of various state-of-
the-art baselines evaluated on EDITEVAL at
the dataset and prompt level.

2 Related Work

Several multitask evaluation benchmarks have
been open-sourced to the community to support
progress in natural language understanding includ-
ing GLUE (Wang et al., 2018), SuperGLUE (Wang



et al., 2019), decaNLP (McCann et al., 2018), and
GEM (Gehrmann et al., 2021). These datasets,
however, focus on a broad set of tasks in NLP (e.g.,
question answering, reading comprehension, and
textual entailment). While all of these tasks are crit-
ical to natural language understanding, EDITEVAL
focuses on curating a benchmark for measuring a
model’s capability to improve and edit text.

There are several datasets which focus
on iterative text revisions in the domain of
Wikipedia (Yang et al., 2017; Anthonio et al.,
2020), academic essays (Zhang et al., 2017), and
news articles (Spangher et al., 2022). These works,
however, focus on one particular domain and in
some cases, a particular style like argumentative
writing (Zhang et al., 2017). EDITEVAL, on the
other hand, includes examples from multiple
domains: Wikipedia, Wikinews, news articles, and
arXiv. ITERATER (Du et al., 2022) is perhaps
closet to EDITEVAL in that it provides iterative
tasks from multiple domains, but it has a limited
number of such tasks: fluency, coherence, clarity,
style, and meaning-changed. Because this is a
great starting point, we have included ITERATER
in EDITEVAL, and we additionally develop
prompts for these tasks since ITERATER is not
instruction-based. Moreover, unlike ITERATER,
EDITEVAL includes novel datasets for tasks
such as updating text using new information and
neutralizing the text, which are core components
of editing a factually-correct and unbiased article.

3 The EDITEVAL Benchmark

EDITEVAL is an instruction-based benchmark for
iterative text generation/modification. EDITEVAL
sources existing high-quality datasets—most with
human annotations—containing tasks relevant to
editing. These datasets are combined into a uni-
fied evaluation tool and can be evaluated with any
metric provided in EDITEVAL. A task here refers
to a type of edit (e.g., simplification), and the spe-
cific task dictates which set of prompts to be used
(e.g., simplify this text), the full set of which is
enumerated in Appendix B.

We consider seven editing tasks in EDITEVAL.
The corresponding datasets for each task included
in EDITEVAL are enumerated in Table 1, along
with the size of the dataset in EDITEVAL. For ease
of evaluation, we define a consistent format for
all datasets in the EDITEVAL benchmark. Each
dataset of every task has five core fields: ID, input
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Table 1: Tasks, datasets, abbreviations used, and corre-
sponding test size in EDITEVAL. The task type dictates
which set of instructions are used. These are enumerated
in Section B.

Task Dataset Abbrev. Size
Clarity ITERATER ITR-L 1,595
Coherence ITERATER ITR-O 351
Fluency ITERATER ITR-F 942
Fluency JFLEG JFL 1503
Simplification =~ ASSET AST 2,359
Simplification =~ TurkCorpus TRK 2,359
Paraphrasing STS Benchmark STS 419
Neutralization WNC WNC 1,000
Updating FRUIT FRU 914
Updating WAFER-INSERT WFI 4,565

text, gold edits, task type, and reference documents.
The input text is the original text before revision,
and the gold edits are the target edits for that spe-
cific task type. Lastly, the reference documents
provide textual information from external articles
or documents that are relevant to the task. The task
that requires reference documents is updating, and
otherwise, the reference documents field is empty.

The datasets in EDITEVAL were selected if they
test a capability relevant to the art of editing and
contain human-annotated gold edits, if possible.
We also endeavored to include datasets that are
broadly used by the community. The datasets in
EDITEVAL are by no means exhaustive, but the
EDITEVAL framework is flexible such that it can
easily extend to new datasets and metrics in future
versions.

3.1 Fluency, Clarity, and Coherence

In this section, we describe the two datasets that
compose this set of tasks: Fluency (fixing gram-
matical or spelling errors), clarity (making the text
clearer), and coherence (making the text more co-
hesive).

JFLEG JHU FLuency-Extended GUG (Napoles
et al.,, 2017) focuses only on fluency. JFLEG
is based on the GUG (Grammatical vs Un-
Grammatical) dataset (Heilman et al., 2014), which
is a dataset of sentences originally annotated for
how grammatical the sentence is on a scale of 1
to 4. JFLEG builds upon the ungrammatical sen-
tences in GUG and annotates each sentence with
four corresponding corrected versions.

ITERATER This dataset introduced by Du
et al. (2022) contains both automatically-mined
and human-annotated edits at the sentence and



document-level. For our benchmark, we only uti-
lize the sentence-level examples with human an-
notations. Additionally, ITERATER has labels for
the intent—the type of edit that produces the tar-
gets, which can be one of six classes: Fluency,
coherence, clarity, style (conveying the writer’s
writing preferences), meaning-changed (updating
or adding new information), and other (none of
the others). We included all classes except style,
meaning-changed, and other. We excluded style
and other because these tasks had roughly 100 or
less test examples, and the definitions were com-
paratively under-specified. We excluded meaning-
changed because the task does not use reference
documents for updating. This dataset is the only
one in EDITEVAL that encompasses multiple tasks,
and we refer to each respective subset using the
abbreviations ITR-F (fluency), ITR-L (clarity), and
ITR-O (coherence).

3.2 Paraphrasing

STSB For paraphrasing, we use the STS bench-
mark from SemEval-2018 (Cer et al., 2017), which
comprises English datasets used in the STS tasks
of SemEval between 2012 and 2017. The selection
of datasets includes text from image captions, news
headlines and user forums. Each example contains
an original sentence, a target sentence, and a simi-
larity score indicating whether the target is a para-
phrase of the original. This dataset is used for clas-
sification or regression, but for EditEval, we utilize
all instances that we are confident are paraphrases,
i.e., have the max similarity score of 5, as targets for
generation evaluation. While other datasets such
as ParaSCI (Dong et al., 2021) exist for paraphrase
generation, these are automatically curated rather
than human annotated, and EDITEVAL strives to
utilize human-annotated datasets where possible.

3.3 Simplification

Simplification can be considered a very similar task
to paraphrasing with the additional constraint that
the output must be simpler than the input. The
datasets we utilize for simplification are TurkCor-
pus (Xu et al., 2016) and ASSET (Alva-Manchego
et al., 2020).

TurkCorpus This dataset, like ASSET, builds
upon the Parallel Wikipedia Simplification
(PWKP) (Zhu et al., 2010). The PWKP dataset
uses the Simple English Wikipedia and Standard
English Wikipedia in parallel to create original-

72

simplification pairs automatically. =~ However,
several works found PWKP to have a large
proportion of targets that are not simplified or only
partially aligned with the input (Xu et al., 2015;
Amancio and Specia, 2014; Hwang et al., 2015;
Stajner et al., 2015), leading to the creation of a
human-annotated corpus, TurkCorpus. TurkCor-
pus was manually created with eight reference
simplifications for each original sentence in PWKP,
but only used simplifications that are possible
without deleting content or splitting sentences.

ASSET Because TurkCorpus encompassed only
specific kinds of simplifications, this led to the
creation of ASSET, which provides manually-
produced simplifications through a much broader
set of transformations. We include both in EDITE-
VAL, for the sake of comprehensiveness.

3.4 Neutralization

The task of neutralization refers to making the text
more neutral. For example, in the sentence “Obama
was an excellent president who served two terms
from 2008 to 2016 the term excellent violates
Wikipedia’s neutral point of view (POV) policy®.
For information-intensive content like Wikipedia
and news articles in particular, reducing bias is
crucial because bias can be the single largest source
of distrust in the media (Jones, 2019).

WNC We use the Wiki Neutrality Cor-
pus (Pryzant et al., 2020), a collection of
original and de-biased sentence pairs mined from
Wikipedia edits by carefully filtering based on
the editor’s comments. While ideally we would
like to include a human-annotated dataset, to
our knowledge there does not exist a dataset for
de-biasing article content at the sentence level.

3.5 Updating

In this section we describe the task of updating
information which requires references, text from
external sources that are relevant to the particular
task. Because of token-length restrictions, each
external article is chunked into texts of fixed length.
We limit the scope of the task to three chunks, and
we refer to these selected chunks as our reference
documents. These references documents are repre-
sented in the edits by their index in the reference
documents field (e.g., the first would be demarcated

®https://en.wikipedia.org/wiki/Wikipedia:Neutral point of
view



as [0]), and we discuss below how these reference
documents were selected.

WAFER-INSERT The first dataset for updat-
ing information that we use is the WAFER
dataset (Petroni et al., 2022), which is a dataset
collected from Wikipedia inline citations. Each
instance of the original WAFER dataset contains a
claim, the text surrounding the claim, and a set of
external references, where the task is to choose one
of the references to be cited after the claim. While
the original intention of WAFER was to measure
a system’s capability to choose the correct cita-
tion, EDITEVAL utilizes WAFER for the task of
inserting new information using content from the
reference documents. The examples in the original
WAFER dataset contains an input text and a refer-
ence document, where a sentence (referred to as
the claim) of the input text is factually supported by
the reference. We create WAFER-INSERT, which
differs from WAFER in that the claim is deleted
from the input. The goal here is to derive the orig-
inal claim from the references and insert it back
into the text at the appropriate location. For the ref-
erence documents, we select the top three chunks
from the inline citation chunks that have the highest
scores, using results from the verification engine
introduced in Petroni et al. (2022).

FRUIT In addition to WAFER-INSERT, we in-
clude the FRUIT dataset (Logan IV et al., 2021),
a dataset collected by comparing two snapshots of
a Wikipedia article where one contains updated or
new information. The reference documents were
identified by searching for other Wikipedia articles
that provide evidence to support the update. How-
ever, because there is no certainty that the identified
evidentiary articles support the claim, the authors
of FRUIT created a gold set by employing human
annotation to filter out any new claims that are un-
supported. We include this gold set in EDITEVAL,
and only include reference documents if they actu-
ally appear in the output. Unlike WAFER-INSERT,
the target edit contains not only the updated infor-
mation but also the citation. For EDITEVAL, this
is for verification purposes only, and the citation is
removed when computing the metrics.

4 Metrics

The metrics we included in EDITEVAL are ones
that are (1) shown to have significant correlation
with human judgement for a task in EDITEVAL
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and (2) commonly used to benchmark one of the
datasets in EDITEVAL. Below, we discuss some of
the main metrics. Appendix C describes these and
additional metrics in greater detail.

* EM (exact match) is the percentage of ex-
amples for which the performed edit exactly
matches any of the targets. EM-diff is a vari-
ant computed at the diff level.

SARI Xu et al. (2016) is an n-gram based
metric that averages match scores for three op-
erations: adding, deleting, and keeping words.

LENS (Maddela et al., 2022) is a recently pro-
posed model-based text simplification metric
that uses an adaptive ranking loss.

GLEU (Napoles et al., 2015) is a variant
of BLEU frequently used for grammatical
error correction (Grundkiewicz et al., 2019;
Yuan and Briscoe, 2016; Chollampatt and Ng,
2018), where penalties are incurred only when
words are changed in the reference but not in
the output.

ROUGE (Lin, 2004) is metric that mea-
sures n-gram overlap. UpdateROUGE (Lo-
gan IV et al., 2021), a simple modification
of ROUGE, computes ROUGE only on the
updated sentences rather than the full text.

BERTScore (Zhang et al., 2019a) which is
based on using the cosine similarity between
the BERT embeddings of the candidate and
reference.

5 Baselines

For each baseline, we use greedy decoding, and
we do not perform any task-specific fine-tuning or
in-context learning. We evaluate on EDITEVAL
using the following baselines:

* GPT-3 (Brown et al., 2020) is a 175B param-
eter pretrained decoder-only model. We eval-
uate GPT-3 through OpenAI’s APL’

InstructGPT (Ouyang et al., 2022) is a
variant of GPT-3 that was instruction-tuned.
We evaluate the text-davinci-001 version de-
scribed in (Ouyang et al., 2022) since, at the
time of writing, details about the training pro-
cess for text-davinci-002 were not publicly
available.

7https: //beta.openai.com/


https://beta.openai.com/

* OPT (Zhang et al., 2022) is an open-source
replica of GPT-3. Like GPT-3, it is not fine-
tuned on any labeled data.

TO (Sanh et al., 2022) is a pretrained encoder-
decoder model, which has demonstrated better
performance than GPT-3 on several tasks de-
spite being much smaller.

TO0++ (Sanh et al., 2022) is similar to TO, but
trained on a few additional datasets from Su-
perGLUE (Wang et al., 2019).

Tk-Instruct (Wang et al., 2022) is similar to
TO and TO++ but instead fine-tuned on their
dataset, Natural Instructions v2, a collection
of instructions for more than 1,600 tasks, in-
cluding grammatical error correction and text
simplification.

PEER (Schick et al., 2022) is a collaborative
language model initialized from the LM Adapt
variant of TS5, and further fine-tuned on edit
histories from Wikipedia. We use the 3B and
11B PEER models that were shown to perform
the best in Schick et al. (2022).

6 Formatting

We evaluate these baselines on their general ca-
pability to accomplish each task when prompted
in natural language in a zero-shot fashion. Be-
cause there are a diverse set of ways in which to
instruct for each task, we manually construct a set
of 3—11 prompts in order to more robustly evaluate
performance. For each task prompt ¢ and input
1, the model is given a formatted input following
the template: Task: t\nInput: ¢\nOutput: with
an additional field for references, should they be
required. Figure 2 shows an example of an input
including references. For tasks without references,
we exclude this field. Some slight modification to
this template were made. For example, Tk-Instruct
expects the prompt to be prefixed by the string
“Definition:” rather than “Task:”). For preprocess-
ing, we used the Natural Language Toolkit (NLTK)
package (Bird et al., 2009) for tokenizing the text.
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Task:

Update
information

Obama went on to win the general
election against Republican John
McCain and became the current
President of the United States.

Input:

[0] Barack Obama | Barack
Hussein Obama Il is an American
politician who served as the 44th
President of the United States.

Reference:

Obama went on to win the general
election against Republican John
McCain and became the 44th
President of the United States

Output:

Figure 2: Example of inputs formatted when evaluating
the baseline models. Each input is evaluated with a set
of prompts that are determined by the task type.

7 Results

We summarize results in Table 2 with the afore-
mentioned baselines averaged over all datasets and
the breakdown for each dataset in Table 3. To vi-
sualize the variance, we show boxplots for each
dataset and model in Figure 3. We discuss these
observations in more detail below.

InstructGPT and PEER perform the best over-
all. In Table 2, we show the mean SARI scores
for each model averaged across all tasks using the
average, maximum, and minimum scores across
prompts. When using the average and minimum
across prompts (third and fifth column, respec-
tively) we see that InstructGPT performs the best
overall, but when using the maximum score across
prompts (fourth column), PEER-11 performs the
best. Table 3 enumerates the breakdown of the
third column according to each dataset. In gen-
eral, we see that InstructGPT achieves the highest
scores with the exception of the updating and neu-
tralization datasets, as well as ITR-F and ITR-L.
For these datasets, the PEER models clearly outper-
form InstructGPT by a large margin, despite being
nearly 60x smaller than InstructGPT and GPT-3.
The substantially smaller models (TO, TO++, and
Tk-Instruct) struggle the most overall, even falling
behind the copy baseline at times, except on ITR-L
where Tk-Instruct performs the best.



Model Params Avg. Max Min CV
Tk 3B 282 30.1 261 4.65
TO 3B 266 293 245 6.03
TO++ 11B 284 303 267 5.3
PEER-3 3B 388 418 350 6.36
PEER-11 11B 39.1 421 356 575
OPT 175B 328 364 290 6.70
GPT-3 175B 328 358 294 674
InstructGPT ~ 175B 39.6 413 374 3.60

Table 2: Mean SARI scores (other metrics shown in Ta-
ble C2) all tasks using the average (Avg.), the maximum
(Max), and the minimum (Min) across prompts. The
coefficient of variance (CV), computed as the standard
deviation across prompts normalized by the average,
is shown in the final column. Best values are in bold.
When using averages across prompts and using the min-
imum, InstructGPT performs the best, but PEER per-
forms the best when using the maximum across prompts.

Most baselines lag substantially behind the su-
pervised SOTA, especially in the task of updat-
ing and neutralization. We show the supervised
state-of-the-art results in the final row of Table 3,
which in almost all cases surpasses the performance
of the best baseline. The gap is largest for the
tasks of neutralization and updating (34-50% de-
crease from the supervised SOTA to the best base-
line scores), whereas for other tasks, this decrease
is only within 5-14%. It is conceivable that the dif-
ficulty with these two tasks is a consequence of the
comparatively fewer datasets and research devoted
to them compared to that of the more mainstream
NLP tasks, such as text simplification.

The most challenging tasks do not necessarily
have the highest variance across models. In ob-
serving Figure 3a, we see that the tasks which have
the largest variance across models (assessed using
the interquartile range or IQR) are fluency and up-
dating information. This is despite the fact that the
fluency datasets are arguably easier (i.e., many of
the models come close to the supervised scores)
than the updating datasets, exemplifying that diffi-
culty and robustness can be independent axes. JF-
LEG also appears to be easier than ITR-F (average
SARI of 45.1 versus 38.2), which is understand-
able since JFLEG sources from the TOEFL exam
(primarily simpler and conversational sentences),
while ITERATER sources technical sentences from
Wikipedia, ArXiv, and Wikinews. Likewise, Turk-
Corpus seems on average to be slightly easier than
ASSET, which is expected since it includes more
diverse simplifications than TurkCorpus.
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I

JFL ITR-F ITR-LITR-O STS TRK AST WNC FRU WFR
Dataset

(a) Scores for each dataset averaged across models. Datasets
which have the largest variance amongst the baselines are not
necessarily harder tasks.
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(b) Scores for each model averaged across datasets. PEER has
the largest range in performance across datasets.

Figure 3: Boxplot of SARI scores for each dataset (a)
and model (b).

PEER has the highest total variance, but OPT
and GPT-3 are less robust to different prompts.
From Figure 3, we observe that the PEER models
have the largest variance in performance overall
(as measured by the larger IQR). If we compute
the standard deviation across prompts and normal-
ize by the mean (CV in Table 2), however, GPT-3
and OPT, have the highest average across datasets
(6.74% and 6.70%, respectively), whereas for the
3B and 11B PEER models, these values are smaller
(6.36% and 5.75%). This could be a consequence
of the fact that GPT-3 and OPT are not instruction-
tuned, whereas the remaining baselines are.

Optimizing prompts according to maximum per-
formance and according to robustness to differ-
ent models can be orthogonal objectives. Ide-
ally, we would like to create prompts that achieve
the highest performance using the best baseline,



Fluency Clarity Coherence Para. Simplification  Neutral. Updating
Model JFL ITR-F ITR-L ITR-O STS TRK AST WNC FRU WFI
Copy 26.7/40.5 323/86.0 29.5/629 313/772 21.1 263 207 319/ 0.0 298/ 00 33.6/-
Tk 31.8/39.0 324/61.6 384/584 33.8/704 30.2 328 299 313/ 04 126/ 36 13/ 45
TO 42.0/38.8 24.6/349 32.6/30.2 222/21.6 343 344 323 223/ 00 142/ 9.6 5.1/163
TO++ 347/432 353/758 37.6/56.5 32.7/59.9 284 329 282 293/ 03 12.6/ 37 44/ 8.1
PEER-3  55.5/543 514/843 32.1/47.1 32.1/59.8 28.6 325 305 533/21.6 39.1/309 344/18.7
PEER-11 55.8/543 52.1/85.2 325/513 327/62.7 282 321 295 545/228 39.6/314 34.9/204
OPT 473/475 347/70.6 315/315 27.6/36.1 29.1 326 31.8 312/ 04 359/273 26.7/11.2
GPT-3 50.3/51.8 32.1/56.7 33.5/39.7 269/36.1 272 33.0 305 317/ 0.6 36.0/21.5 27.2/10.6
InsGPT  61.8/59.3 48.8/82.7 35.1/484 359/60.2 42,5 38.8 38.0 354/ 22 363/247 23.6/16.1
SotA -/1624 37.2/- 46.2 | - 38.3 /- - 344 372 —/45.8 —/474 -/-

Table 3: Results for all datasets, averaged across prompts (max and min results in Table C2). The best results for
each dataset are shown in bold. Tk-Instruct and InstructGPT are shorthanded as Tk and InsGPT, respectively. The
first numbers for each task are SARI scores; additional metrics are GLEU for fluency, clarity, and coherence, EM
for neutralization, Update-R1 for updating. Supervised scores are from Ge et al. (2018) (JFLEG), Du et al. (2022)
(ITERATER), Martin et al. (2020) (TurkCorpus and ASSET), Pryzant et al. (2020) (WNC), and Logan IV et al.

(2021) (FRUIT), respectively.

but also perform reliably well for any model. In as-
sessing variance from Figure 4, we see that certain
prompts stand out as less robust to different models
relative to others. For example, for neutralization,
Prompts #1, 2, and 7 are less robust likely because
they use uncommon language such as “Remove
points of views” or “Neutralize this text”. Some of
the prompts which are less robust for simplification
(Prompts #4, 7) and paraphrasing (Prompts #4, 6)
are sometimes ones that are less specific such as
“Rewrite this text” versus “Rewrite this with differ-
ent wording”—in the case of the former, an em-
pirical assessment shows that the models seem to
more often copy the original text and make fewer
modifications. Unfortunately, choosing prompts
that achieve the maximum score does not always
entail prompts which are the most robust—Prompt
#5 for clarity achieves the maximum but has the
largest variance in performance or IQR. Some of
the tasks exhibit a great degree of outlier behavior
(coherence, paraphrasing, or neutralization), which
is either due to TO performing exceedingly low or
InstructGPT/PEER performing exceedingly well.
Other tasks such as fluency and updating seem to
have prompts with a similar range of variance.

Commonly used metrics are not always well-
correlated. 'We measure the Pearson correlation
between each pair of metrics using evaluation
scores for all baselines, which is shown in Figure 5,
and find that many of the commonly used metrics
do not always correlate well with each other, a find-
ing echoed by prior works (Choshen and Abend,
2018; Alva-Manchego et al., 2021), which focuses
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on the task of grammatical error correction. We
exclude PEER in this analysis since it shows ex-
ceedingly strong performance in some cases, and
we exclude the updating datasets since they are
of a very different nature from the other datasets.
We find that while families of variants like BLEU
and iBLEU as well as ROUGE and UpdateROUGE
show strong correlation within each respective set
(> 0.97), the two sets are inversely correlated with
one another (-0.29 to -0.1). ROUGE actually ap-
pears to be the metric that most conflicts with all
other metrics, whereas GLEU seems to be the met-
ric that is most in harmony with the rest (0.41-0.76).
Though SARI is not correlated with ROUGE, it is
the metric which shows the strongest correlation
with EM-Diff (0.83) and UpdateROUGE (0.7).

8 Discussion

We present EDITEVAL, a benchmark composed of
handcrafted, task-specific instructions for several
editing datasets across multiple domains. EDITE-
VAL is a means of evaluating models for these tasks
according to multiple popular metrics, all within
a single, unified tool. We show that while models
such as InstructGPT have impressive performance,
in general the baselines lag behind the supervised
state-of-the-art, particularly for the task of updat-
ing and neutralization. Our analysis of metrics
and prompts shows that several popular metrics are
not well-correlated, even conflicting at times, and
that small changes in the wording of a prompt can
lead to substantial changes in performance and ro-
bustness to different models. This suggests further
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work is needed to develop models comprehensively
capable of executing editing tasks in addition to de-
veloping a standardized way of measuring editing
capabilities and systematically selecting prompts.
In releasing this work, we hope to bolster work in
which language models are utilized for text genera-
tion that is iterative, more controllable, collabora-
tive, and capable of revising and correcting text.
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A Domains 2. Make the text more cohesive
In EDITEVAL we strive to encompass datasets from 3. Improve the coheswene.SS of the text
. . . . 4. Make the text more logical
many different domains, with an emphasis on fac- 5. Make the text more consistent
tual content. Below in Table A1, we enumerate ' .
these domains. 6. Improve the consistency of the text
7. Make the text more understandable
Table Al: Number of targets provided (|T'|) and the 8. Make the text clearer
domains covered by each dataset. 9. Make the text easier to understand
10. Improve the coherency of the text
Dataset |T| Domains
ITERATER I Wikipedia, ArXiv, and Wikinews ~ Neutralization
JFLEG 4 TOEFL exam 1. Remove POV
?"lflécléenchmark } x]ﬁgzgﬁ, Q&A, news forums, 2. Neutrah'ze this text
videos, image descriptions 3. Make this more neutral
ASSET 10 Wikipedia 4. Make this text more neutral
TurkCorpus 8  Wikipedia 5. Make this paragraph more neutral
E{QAUFIER } %ﬁgzgiz 6. Remove unsourced opinions from this text
7. Remove non-neutral points of view
8. Remove points of view
B Prompts 9. Make this text less biased
Below we enumerate the prompts used in EDITE- Paraphrasing _
VAL for each task. We also present Table C2 which 1. Paraphrase this sentence
shows the max and min results across these prompts 2. Paraphrase .
as opposed to the average in Table 3. 3. Paraphrase this paragraph.
4. Use different wording
Fluency 5. Paraphrase this text
1. Fix grammar errors 6. Rewrite this text
2. Fix grammar or spelling mistakes 7. Rewrite this text with different wording
3. Fix grammar errors in this sentence 8. Rephrase this text
4. Fix all grammatical errors 9. Reword this text
5. Fix errors in this text
6. Update to remove grammar errors Simplification
7. Remove all grammatical errors from this text 1. Simplify this sentence
8. Improve the grammar of this text 2. Make this simpler
9. Grammar improvements 3. Simplify
10. Remove grammar mistakes 4. Make this easier to understand
11. Fix the grammar mistakes 5. Simplification
6. Change to simpler wording
Clarity 7. Simplify this paragraph.
1. Make the text more formal, concise, readable 8. Use simpler wording
and understandable 9. Simplify this text
2. Make the text more formal 10. Make this text less complex
3. Make the text more concise
4. Make the text more readable Updating
5. Improve the readability of the text 1. Add missing information
6. Make the text more understandable 2. Update the article
7. Make the text clearer 3. Update with new information
8. Make the text easier to understand
9. Improve the clarity of the text
Coherence

1. Make the text more cohesive, logically linked
and consistent as a whole
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C Metrics

In this section, we describe each metric included
in EDITEVAL in greater detail and our motivations
for including them. In the cases where more than
multiple valid targets, we follow convention and
take the maximum of the scores computed using
each target, since there can potentially be many
valid edits, and a prediction only needs to align
with one of the references.

EM and EM-Diff Exact match (EM) is the per-
centage of examples for which the performed edit
exactly matches any of the targets. EM-Diff is a
variant of EM that is computed on the diff level,
where diffs are obtained using Python’s difflib li-
brary. For a model output O, we compute EM-Diff
as follows:

\diff(7, R) N diff(I, 0)|
max(|diff(I, R)], |diff(Z, 0)])

SARI Introduced by Xu et al. (2016), SARI is an
n-gram based metric commonly used for measur-
ing simplification (Nisioi et al., 2017; Zhao et al.,
2018) and other editing tasks such as sentence fu-
sion (Malmi et al., 2019). It has been demonstrated
to correlate most closely with human judgement
for simplification compared to many other n-gram
based metrics (Xu et al., 2016). The metric mea-
sures how simplified a candidate system output is
relative to the original and to the simplification ref-
erences by rewarding words added, kept, or deleted
in both the target and the output. More specifically,
this is done by computing the arithmetic mean of
n-gram F1-scores for each of the three operations.
We utilize the EASSE (Alva-Manchego et al., 2019)
implementation of SARI, which addresses incon-

sistencies in the original implementation 8.

GLEU GLEU (Napoles et al., 2015) is another
variant of BLEU frequently used for grammatical
error correction (Grundkiewicz et al., 2019; Yuan
and Briscoe, 2016; Chollampatt and Ng, 2018).
The issue with using BLEU for minimal edits can
be attributed to the difference between analyzing
machine translation and editing tasks. In the former,
an untranslated word should always be penalized,
but in the editing setting, an unmodified word in
both the target and the output does not necessarily
need to be penalized. Unlike BLEU, GLEU is cus-
tomized to penalize n-grams changed in the targets

8https://github.com/feralvam/easse#differences-with-
original-sari-implementation
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but left unchanged by the system output. Napoles
et al. (2015) not only demonstrated that GLEU cor-
relates well with human rankings of corrections,
but also that GLEU correlates much better than
BLEU does.

ROUGE and UpdateROUGE For the task of
updating or adding new information, we follow
Logan IV et al. (2021) and use ROUGE and Up-
dateROUGE (Logan IV et al., 2021). ROUGE (Lin,
2004) is a popular n-gram based metric that is
commonly used for evaluating summarization sys-
tems (Ren et al., 2016; Pasunuru and Bansal, 2018),
but is also used in other tasks such as improving flu-
ency (Kann et al., 2018) and simplification (Vander-
wende et al., 2006). ROUGE essentially measures
the overlap in n-grams. UpdateROUGE, a simple
modification of ROUGE, computes ROUGE on the
updated sentences rather than the full text. This
is intended for tasks such as updating, because a
majority of the target will remain unchanged. On
the other hand, when evaluating using ROUGE, a
system can often superficially achieve high scores
by simply copying the input.

BERTScore BERTScore (Zhang et al., 2019b) is
a versatile automatic metric that has been demon-
strated to correlate well with tasks such as ma-
chine translation, image captioning, and abstrac-
tive text compression (Zhang et al., 2019b). We
note, however, that some studies have demonstrated
the metric’s poor generalization ability to differ-
ent datasets (Unanue et al., 2021). We include
BERTScore in EDITEVAL for its broad applicabil-
ity and its popularity.

D Limitations

Our evaluation tool is by no means an exhaustive
measurement of editing capabilities. Firstly, there
are additional domains that could potentially be
added to EDITEVAL, such as books and blogs;
as it currently stands, EDITEVAL is heavily con-
structed from the domain of Wikipedia. Fortu-
nately, EDITEVAL’s framework is flexible to the ad-
dition of datasets, provided that it has an input and
target edit. In the same spirit, there are additional
editing tasks such as verifying facts, citing, and
reorganizing sentences/paragraphs which would be
valuable to include in EDITEVAL. While we recog-
nize these tasks as important to include in EDITE-
VAL, we consider these to be out of scope for the
work at hand. Finally, our results demonstrate that



Fluency Clarity Coherence Para. Simplification  Neutral. Updating

Model JFL ITR-F ITR-L ITR-O STS TRK AST WNC FRU WFI

Tk 329/41.6 36.0/77.6 39.5/633 357/771 331 349 326 338/ 1.3 129/ 41 13/ 50
TO 454/43.1 32.6/509 33.8/340 23.7/255 359 353 359 275/ 0.1 149/124 54/17.2
TO++ 36.7/43.9 37.2/82.0 38.6/61.6 36.0/758 30.7 339 333 321/ 06 128/ 3.7 4.6/ 85
PEER-3  59.3/57.7 545/863 34.0/60.6 33.8/741 34.6 364 355 57.4/293 40.2/33.6 34.7/20.2
PEER-11 60.6/59.4 554/87.0 344/614 345/758 33.1 357 339 59.0/309 40.8/334 35.2/21.4
OPT 53.5/539 41.0/785 35.6/444 344/569 31.1 347 353 349/ 09 359/28.1 27.0/123
GPT-3 52.6/54.2 39.1/79.2 35.6/458 29.9/429 294 355 359 349/ 1.1 363/21.6 282/11.2
InsGPT  62.7/60.4 51.0/85.0 36.5/52.6 37.6/688 452 40.2 409 372/ 38 36.6/252 26.0/17.3
Tk 30.3/359 279/42.1 36.8/499 322/63.4 286 306 261 279/ 0.0 123/ 34 12/ 4.1
TO 39.5/342 21.2/267 314/274 21.0/18.0 319 329 276 185/ 00 13.7/ 81 48/156
TO++ 33.0/42.2 33.1/623 36.8/52.6 29.3/458 255 319 254 274/ 02 125/ 37 39/ 15
PEER-3  50.2/49.8 454/772 30.5/36.7 31.1/473 232 29.1 254 444/135 37.0/265 34.1/163
PEER-11 49.8/46.7 459/825 31.4/433 319/479 243 294 257 455/157 37.5/273 34.7/19.0
OPT 40.7/41.0 29.7/555 27.8/22.1 229/246 26.1 303 262 250/ 0.0 358/26.6 265/ 9.8
GPT-3 43.6/46.7 27.8/41.3 32.2/358 244/288 253 293 226 260/ 02 356/21.2 26.1/10.0
InsGPT  59.2/56.2 44.7/774 34.1/443 334/53.0 40.2 37.0 354 324/ 0.7 359/244 222/153
Copy 26.7/40.5 32.3/86.0 29.5/629 31.3/772 21.1 263 207 319/ 00 298/ 0.0 33.6/-

SotA —-1624 37.2/- 46.2 | - 38.3 /- - 344 372 —/45.8 —/47.4 -/-

Table C2: Maximum (top half) and minimum (bottom half) scores across prompts for all downstream tasks
considered. The first numbers for each task are SARI scores; additional metrics are GLEU for fluency, clarity, and
coherence, EM for neutralization, Update-R1 for updating. The best results are highlighted in bold. Tk-Instruct and
InstructGPT are shorthanded as Tk and InsGPT, respectively.

many of the metrics give conflicting signal as to the
rankings of the baselines, indicating further work
is needed to identify better metrics for measuring
overall editing capacity.

E Broader Impact and Ethics

Before being deployed, this work was reviewed by
an internal board to ensure compliance with all li-
censing. We also verified that no datasets included
in EDITEVAL contains information that uniquely
identifies individual people. All code, results, and
a leaderboard are made publicly available. Our
benchmark is intended to help drive the develop-
ment of language models that can edit. Such sys-
tems may be able to carry out a wide variety of
text modifications and have a broad range of so-
cietal implications, such as enabling those with
limited access to educational resources to create
knowledge-intensive or professional articles (Redi
et al., 2020). EDITEVAL is not to be used for ill-
intended purposes, such as making adversarial text
modifications that introduce misleading or prob-
lematic content. Additionally, EDITEVAL inherits
biases inherent in its constituent datasets, and we
encourage further work to understand the biases
and limitations of the datasets used in EDITEVAL.
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Abstract

Language Models (LMs) excel in natural lan-
guage processing tasks for English but show
reduced performance in most other languages.
This problem is commonly tackled by continu-
ally pre-training and fine-tuning these models
for said languages. A significant issue in this
process is the limited vocabulary coverage in
the original model’s tokenizer, leading to inad-
equate representation of new languages and ne-
cessitating an expansion of the tokenizer. The
initialization of the embeddings corresponding
to new vocabulary items presents a further chal-
lenge. Current strategies require cross-lingual
embeddings and lack a solid theoretical foun-
dation as well as comparisons with strong base-
lines. In this paper, we first establish theoret-
ically that initializing within the convex hull
of existing embeddings is a good initialization,
followed by a novel but simple approach, Con-
strained Word2Vec (CW2V), which does not
require cross-lingual embeddings. Our study
evaluates different initialization methods for ex-
panding RoBERTa and LLaMA 2 across four
languages and five tasks. The results show that
CW2V performs equally well or even better
than more advanced techniques. Additionally,
simpler approaches like multivariate initializa-
tion perform on par with these advanced meth-
ods indicating that efficient large-scale multi-
lingual continued pretraining can be achieved
even with simpler initialization methods. We
release our code publicly.!

1 Introduction

Language models are adept at a wide spectrum
of natural language processing (NLP) tasks (Liu
et al., 2023; Chung et al., 2024; Chowdhery et al.,
2023; Wei et al., 2024; Goyal et al., 2023; Tou-
vron et al., 2023). However, the best-performing

“Equal contribution.

TWork done while the author was at A*STAR, Singapore.

"https://github.com/AI4Bharat/VocabAdaptation_
LLM/tree/CW2V
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language models work well for English but have
inferior capabilities in other languages. A com-
mon method to improve the capabilities of other
languages is to continually pre-train and finetune
the English model for other languages (Conneau
and Lample, 2019). This approach builds upon the
capabilities acquired through large-scale English
pre-training and focuses on aligning the English
and other language spaces, making efficient re-use
of compute and data resources (Cahyawijaya et al.,
2023; Zhang et al., 2023). One of the major chal-
lenges for LLLM adaptation is the lack of vocabulary
coverage in the original model’s tokenizer for the
new language. This would mean the inability to
represent the new language if the vocabulary is to-
tally different or inefficient tokenization with high
fertility in the case of inadequate vocabulary repre-
sentation.

A solution is to expand the tokenizer to incor-
porate new vocabulary and then perform contin-
ual pre-training on monolingual data from the new
language to adapt the model to the new language
(Cui et al., 2023; Nguyen et al., 2023; Minixhofer
et al., 2022). In this scenario, an important ques-
tion is: How do we initialize the embeddings of
the new vocabulary items? Various methods have
been proposed in the literature for the initializa-
tion of the new token embeddings, from simple
random initialization (Antoun et al., 2020; Mar-
tin et al., 2020) to the mean of embeddings (Gee
et al., 2022) to sophisticated methods such as OFA
among others (Minixhofer et al., 2022; Dobler and
de Melo, 2023; Tran, 2020; Liu et al., 2024) that
learn the new embeddings as a function of existing
embeddings using external resources and tools like
cross-lingual word-vectors and bilingual dictionar-
ies. However, there is no theoretical basis for what
constitutes a good initialization. Furthermore, in
existing works, comparisons with simple, naive ini-
tialization methods across different model sizes are
missing.

Proceedings of the 28th Conference on Computational Natural Language Learning, pages 84—104
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In this paper, we theoretically define and ana-
lyze the properties of a good initialization. We
prove that initializing embeddings of new vocabu-
lary embeddings to be in the convex hull of original
embeddings ensures that the greedy generation of
the existing language(s) is not impacted by the
new vocabulary items on initialization. Based on
these insights, we propose a simple learnable ini-
tialization approach which we dub as Constrained
Word2Vec (CW2V) which ensures initializations
in the convex hull without needing cross-lingual
embeddings. We conducted a comparative anal-
ysis of CW2V alongside 5 existing initialization
strategies including OFA on two models containing
varying parameters, namely RoBERTa (125M) and
LLaMa?2 (7B), examining their impact through 5
downstream tasks across 4 languages. Our analysis
of various initialization methods demonstrates that
CW2V achieves better if not comparable perfor-
mance with the previous best methods. Addition-
ally, we find that simpler methods like multivariate
or mean initialization, which ensure new embed-
dings remain within the convex hull, are compara-
ble with more advanced approaches such as OFA.

2 Related Work

Multilingual Models: To create a multilingual
model for specific languages, one method is to train
the model from scratch on the target languages us-
ing MLM and CLM objectives (Workshop et al.,
2023; Conneau et al., 2020). However, this requires
significant computational resources and data. A
more efficient approach is to adapt an existing pre-
trained language model (PLM) (Devlin et al., 2019;
Touvron et al., 2023; Team, 2023) to the desired tar-
get language. There are two ways to adapt a PLM
to a new language. The first is to fully adapt the
model to the new language, replacing the source
tokenizer and focusing only on the new language’s
performance (Minixhofer et al., 2022; Artetxe et al.,
2020). The second is to keep the original language
support and add the new language, ensuring the
model still performs well on the source language
(Garcia et al., 2021; Liu et al., 2024). In this work,
we focus on extending the language support of the
PLM rather than replacing it. We do this by extend-
ing the source tokenizer, which requires effectively
initializing the model’s embedding layer and LM
head for the added tokens in the vocabulary.

Embedding Initialization Strategies: Previous
work has focused on different initialization strate-
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Figure 1: Setup for Vocabulary Expansion. Source
model is shown in blue blocks, and expanded vocabulary
embeddings are represented in red blocks. Source model
parameters remain unchanged.

gies. Methods like FVT (Gee et al., 2022) and
Hewitt (2021) use the mean of source PLM em-
beddings, while WECHSEL (Minixhofer et al.,
2022), RAMEN (Tran, 2020), FOCUS (Dobler and
de Melo, 2023), and OFA (Liu et al., 2024) uti-
lize external cross-lingual word vectors and source
embeddings. However, these approaches rely on
static embeddings. In contrast, we propose initial-
ization strategy that learns new embeddings from
the source PLM model and doesn’t require static
embeddings.

Continual Pre-training: A good initialization
strategy provides a solid start for adapting a PLM
to a new language by effectively initializing the
new tokens in the embedding and LM head layers.
However, to fully adapt the extended model to the
new language, continued pre-training (CPT) (Wang
et al., 2022; Alabi et al., 2022; Zhao et al., 2023) is
essential. Therefore, we performed CPT on target
languages post initialization.

3 Methodology

We describe the core methodology in this work fol-
lowed by theoretical proofs of good initializations
which motivate our own initialization approach,
namely, Constrained Word2 Vec.

3.1 Vocabulary Expansion

We adapt the same vocabulary expansion problem
formulation as Hewitt (2021). Let # be the pa-
rameters of a pre-trained neural source language
model LM{, and let V* = {v{,v3,..., vy} be the
vocabulary of LMj. We will refer to V* as the
source vocabulary henceforth. Let e5 € RY be the
sub-word embedding for word ¢ € V°. Let E°
denote the language modeling head’s (henceforth
LM head) embedding matrix of LMy and this is



our source embedding matrix. The probability of
occurrence of the next word w; given the previous
word sequence wi.;—1, pg (w; | wi4—1), is given
by

s

exp (h;r—l Cw

D jevs eXP (h;r—lej‘)

where the prefix h;_1 = ¢ (wi—1; LMJ) € R? is
the neural representation of the input using L M.

In vocabulary expansion, we add n’ new sub-
words ¢ V* forming the target vocabulary '
{vi,v,... v, }. This implies we need a new
word embedding ¢, for each j € V* comprising in
E'. The new language model LM;, has parame-
ters 0" = 6 U {e}; j € V'}. The output distribution
of LM}, given by py (w; | w1.i—1) is defined simi-
larly as pg (w; | wy.;—1) but with the normalization
factor involving V* U VY.

Our goal is to find initializations for E* such
that the extended model not only retains its previ-
ous behavior but also can lead to good downstream
performance for the languages corresponding to
the new vocabulary with minimal continual pre-
training. Retaining performance in English is par-
ticularly beneficial, as the knowledge embedded
in English models often supports performance in
other languages (Pires et al., 2019). Figure 1 gives
an overview of our approach. Note that in our
notations so far we have only mentioned the LM
head, but just as the LM head has an expansion
(Eltmhea 4)» the input embedding matrix also has an
expansion (Efnput). This is trivial if both matrices
are shared but in case they are not, we also need to
find initializations for the latter. Following Hewitt
(2021), we can use the same approach to initialize
Etnput as we do for Efmh cad-

po (Wi | wii—1) =

7
3.2 Whatis a ‘good’ embedding initialization?

As we are ensuring that the model parameters 6
remain unchanged at the initialization step, we can
safely say that for the same word sequence wi.;_1,
where each word in the sequence belongs to V?, the
prefix h;_; at the output layer remains the same.
Thus, the output word w; strictly depends on the
embeddings of the new words added to the vocabu-
lary, as they determine the new partition function
and the output probability distribution. The main
goal of our analysis is to identify the set of initial-
izations of new words that give us the same output
before and after expansion for the prefixes formed
by the original tokens. In other words, for the same
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input word sequence w1.;_1, where wy € VSV k €
[i — 1], if w; and w] represent the words pre-
dicted by language models LM and LM}, respec-
tively, i.e., w; = argmax;cys py (j | wii—1) and
w; = argmax;eyps ye Por (J | wii-1), we need
w; = w). Letet, eb, ... e, € RY be the embed-
ding initializations for words in V. Therefore, a

y “n/

good initialization is an initialization {ez; je Vt}
that ensures, for any prefix h;_; € R, the set of

prefixes formed by word sequences from the source
vocabulary, that is ‘w; = w].

3.3 Theorems

Theorem 1. : A good initialization preserves the
pre-expansion behavior.

Let e7,e5,¢€3,...,e5 € R? be the embeddings
of words in V°. Let €}, ¢el,....et, € R? be the

embedding initializations for words in V. If

sup (h'e},) < sup (h'e})
keyt keys

ey

holds for all h € R, then {eé-; Jje Vt} is a ‘good’
initialization.

Proof. Let h = hj_; € R% be a prefix formed by
a word sequence w11, where wy, € VSV k €

[i — 1] . As condition 1 holds for all h € R?, we
can say that,

sup (h'e},) < sup (h"e})
keVvt keys

= sup exp(h”e}) < sup exp(h'e})
kevt keys

exp(hlel)
Z/

exp(hles)

= sup 7

kept

< su
kevys

where, Z' = 37 syt €XP (hTe§-)

is the new partition function, which is a positive
constant as prefix and all the embeddings are given.
We know that, %{Te};) represents the probability
of occurrence of word corresponding to the embed-
ding e}g at time step ¢. Thus, the inequality just
says that probability of occurrence of any word
from target vocabulary V! is less than or equal to
probability of occurrence of a word from source vo-
cabulary. As the decoding at output layer is greedy,
the output word is going to come from source vo-
cabulary. We can guarantee that it remains the same
as pre-expansion model’s output word because the
prefix remains the same before and after expansion
as w, € source vocabulary V*V k € [i — 1] .



Hence, as w; = w) and the embedding initializa-
tion {ez;j € Vt} is ‘good’. O

Theorem 2. : An initialization in the convex hull
of source embeddings is good.

If y € S, where S is the convex hull of
the embeddings €5,¢e5,¢e5, ..., es, then (hTy) <
supkevs(hTez) for all h € R Moreover, if
e§ € S forall i € V', then the initialization is
‘good’.

Proof. Given y € S. Thus y can be written as
Y = D jeys je; where 3y = land 0 <
w; <1V j € V5. Thus,V h € RY,

hly = Z ozthej

JEVS
AsO<a; <1VjeVs

(P"y) < sup (h"e})
kevs

GivenefGS Vie

— (hTel) < sup (hTej) Vie V! VheR?
keys

— sup(hlel) < sup (hlef) Vh e R?
kevt keys

Thus, from theorem 1 we can say that if e} €
S Vi € V!, then the initialization is good. O

We have showed that as long as we initialize ev-
ery target embedding vector as a weighted average
of source embeddings, the model output remains
the same for the same prefix as long as it is obtained
from a word sequence formed only by source vo-
cabulary, thereby making it good. Table 5 verifies
this empirically. In Appendix B we provide some
additional theoretical analysis where we show a
weaker converse of Theorem 2, that any strongly
good initialization lies in the convex hull of source
embeddings.

3.4 Our Approach: Constrained Word2Vec

Having established that a initializing in the con-
vex hull of existing embeddings is good, we now
propose Constrained Word2Vec (CW2V), a novel
approach to learn these initializations. Specifically,
we constrain E! as W E® where > jevs Wi =
1VieViand W;; >0V j € Vi € V'. Here,
Es € RIV’L4) s the source embedding matrix,
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Et e RV s the target embedding matrix and
W e RIV'EIV'D is the weight matrix that trans-
forms E° to E* while ensuring the target embed-
ding vectors reside inside the convex hull of the
source embedding vectors. Our goal is to learn V.

Let £' be the post-expansion embedding
matrix of size (|]V* U V!|,d). In other words,
&' = [E®; W E*] where ; indicates concatenation
along the vocabulary axis. By using &' as the
embedding matrix with W as the only learnable
parameters, we propose a mechanism similar to
Skip-gram (Mikolov et al., 2013) to obtain &°.
In many modern PLMs, such as LLaMA, the
input and output embedding layers are not tied,
necessitating separate weight matrices for the input
embedding and the LM head defined as &, =
[Efnput; Softmax(WiTLPUt)Efnput]’ gZthead =
[E3 01— heads 50Stmax(Wiar—nead) Ef pr_peal”
with sizes (|V* U VY|, d), (d,|V* U V'), respec-
tively. The softmax operation ensures that the
weights in each row add up to 1, thus assuring that
the target embedding vectors remain in the convex
hull of pre-expansion embeddings.

We set these embedding matrices anput and
Et A heaq UP in the traditional Skip-gram architec-
ture (Mikolov et al., 2013) as the word and context
representation matrices. Similar to OFA (Liu et al.,
2024), in order to make the learning computation-
ally more efficient, we can also factorise Wiy, pus
and W s neqq and learn the resulting parameters.
This methodology can be extended to any PLM.
If both the embedding layers are tied for a PLM
(RoBERTa), we still learn two weight matrices and
choose either for initializing E?. To align target
language embeddings with English, we trained the
CW2V model on monolingual data from all lan-
guages and bilingual English-to-target dictionaries.

4 Experimental Setting

We now describe the models we focus on, the lan-
guages, downstream tasks and datasets, and imple-
mentation details.

4.1 Models

We use RoBERTa (Liu et al., 2019), an encoder
based architecture and LLaMA2-7B (Touvron et al.,
2023), a decoder based model and employ these
models as the source models for our multilingual
vocabulary expansion experiments.



4.2 Tokenizers

We use the RoBERTa tokenizer as the source to-
kenizer for experiments with RoBERTa and the
LLaMAZ2 tokenizer as the source tokenizer for ex-
periments with LLaMA?2. Since we are focus-
ing on multilingual transfer, we train a Senten-
cePiece (Kudo and Richardson, 2018) tokenizer
using textual data in target languages (German,
Russian, Hindi, Tamil) and merge the obtained to-
kenizer with LLaMAZ2’s tokenizer. The resulting
tokenizer has 57K subwords in its vocabulary, and
this merged tokenizer serves as the unified target
tokenizer for all of our experiments, even for ex-
periments with ROBERTa. We identify common
subwords using a ‘fuzzy’ search similar to FOCUS
(Dobler and de Melo, 2023) and OFA (Liu et al.,
2024). We report the fertility score of the target
tokenizer in all four target languages in Appendix
D. Vocabulary expansion significantly reduces the
fertilities for the languages considered.

4.3 Datasets and Languages

We extended the source model (English) to four tar-
get languages: Hindi, Tamil, Russian, and German.
For all training, the Hindi and Tamil datasets were
sourced from SANGRAHA (Khan et al., 2024),
while the Russian, German, and English datasets
were sourced from OSCAR (Ortiz Su’arez et al.,
2020). To train the multilingual tokenizer, we used
a monolingual dataset of 3 million sentences per
target language, sourced from the tokenizer train-
ing data used in IndicTrans2 (Gala et al., 2023). For
the constrained word2vec model training, we used
a monolingual corpus of 2 million tokens per target
language. Additionally, we incorporated bilingual
dictionary datasets: Hindi and Tamil from (Kano-
jia et al., 2018), German from url 2 processed by
(Bojar et al., 2014), and Russian from url 3. Each
expanded and initialized model underwent further
pre-training on a multilingual dataset of 2.5 billion
tokens, combining 500 million tokens per target
language and 500 million English tokens.

4.4 Baselines

OFA The One For All (OFA) Framework (Liu et
al., 2024) (Liu et al., 2024) uses multilingual static
word vectors to inject alignment knowledge into the

Zhttps://nlp.stanford.edu/projects/nmt/data/
wmt14.en-de/dict.en-de

3https://github.com/Badestrand/
russian-dictionary

new subword embeddings. Regardless of the fac-
torization approach, OFA initializes all new target
embeddings using a weighted average of the source
vocabulary embeddings, making OFA a ‘strongly
good’ initialization.

Univariate Each target embedding is initialised by
drawing values from 1-D Gaussian distributions
parameterized by the mean and standard deviation
of the source embeddings for each dimension. This
was the primary baseline considered by OFA (Liu
et al., 2024).

Multivariate Every target embedding is sampled
from the multivariate gaussian distribution of em-
beddings whose mean and covariance come from
the original embeddings E°.

Mean Every target embedding is the average of
pre-expansion embeddings. Mean initialization is
used to initialize target vocabulary in FVT (Gee
et al., 2022) and Hewitt (2021). This is a ‘strongly’
good initialization as mean of original embeddings
belongs to the convex hull of original embeddings.
Random Every target embedding is randomly sam-
pled from the d—dimensional guassian distribution
N(0,0.027) where [ is a d—dimensional identity
matrix.

4.5 Constrained Word2Vec Training

We trained the constrained word2vec model using
a similar setup to skip-gram (Mikolov et al., 2013)
training. The context window size was set to 10 and
negative sampling to 5. Additionally, we factorized
the Winpue and Wi pr—peqq matrices, with a fac-
torized dimension of 1024. This factorization was
done to reduce the number of trainable parameters,
similar to OFA ((Liu et al., 2024)). Factorizing the
weight matrices in the constrained word2vec model
for ROBERTa reduced the number of trainable pa-
rameters from 758M to 59M, and for LLaMA?2, it
reduced from 1660M to 118M.

Model Task Category Task Metric
Sentence Classification XNLI Acc.

RoBERTa Question Answering QA F1
Token Classification NER Fl1
Sentence Classification XNLI Acc.

LLaMA2 Machine Translation FLORES CHRF
Question Answering QA F1
Sentence Summarisation ~XLSUM  BLEURT

Table 1: A summary of the tasks, datasets and metrics.


https://nlp.stanford.edu/projects/nmt/data/wmt14.en-de/dict.en-de
https://nlp.stanford.edu/projects/nmt/data/wmt14.en-de/dict.en-de
https://github.com/Badestrand/russian-dictionary
https://github.com/Badestrand/russian-dictionary

4.6 Downstream Tasks

We evaluated RoBERTa and LLLaMA on various
tasks, as shown in Table 1. For XNLI, we used
XNLI (Conneau et al., 2018) for German, Rus-
sian, Hindi, and English, and IndicXNLI (Ag-
garwal et al., 2022) for Tamil. For NER, we
used WikiANN (Pan et al., 2017). For QA, we
used SQuAD (Rajpurkar et al., 2018) for Ger-
man, Russian, Hindi, and English, and IndicQA
(Doddapaneni et al., 2023) for Tamil. For Ma-
chine Translation, we used FLORES (Team et al.,
2022). RoBERTa MLM checkpoints were fine-
tuned on English and evaluated zero-shot on target
languages. LLaMA CLM checkpoints were evalu-
ated with 4-shot prompting. The metrics for each
task are also listed in Table 1.

5 Results

We now describe the results of our investigation,
where we first evaluate different initialization meth-
ods without continual pre-training or fine-tuning
for ROBERTa and LLaMA2. We follow this up
with results for continual pre-training and fine-
tuning for ROBERTa, and continual pre-training
and few-shot prompting for LLaMA2.

5.1 Impact of Initialization Methods

For the encoder-only RoBERTa model: Ta-
ble 2 presents the performance of the expanded
RoBERTa model initialized with Constrained
Word2Vec, alongside baseline models, across three
downstream tasks: XNLI, NER, and QA. The
expanded and initialized model was not continu-
ally pre-trained but was fine-tuned till convergence
on downstream task data. Firstly, looking at the
columns labeled en, we can see that CW2YV is better
than any baseline for English, even OFA, indicat-
ing that it preserves the pre-expansion behavior of
RoBERTa better than any other methods. Next, the
scores under the avg columns indicate that CW2V
is competitive with other approaches, especially
OFA but tends to be slightly inferior. This means
that CW2V mildly sacrifices the performance on
other languages while strongly preserving the En-
glish performance.

For the decoder-only LLaMA?2 model: Table 2
shows the performance of the expanded LLaMA?2
model initialized with Constrained Word2Vec,
alongside baselines, on the following downstream
tasks: XNLI, Machine Translation, QA and XL-
SUM (summarization). Here as well, the expanded
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and initialized model was not continually pre-
trained but was evaluated using few-shot prompting.
Different from the case of ROBERTa, the CW2V
model significantly outperforms the OFA model
across all tasks and languages despite not being
continually pre-trained. CW2V achieves higher
CHREF scores, averaged over all translation direc-
tions, in MT (17.02 En-X and 27.26 X-En) com-
pared to OFA’s 11.17 and 16.17, respectively. Sim-
ilarly, for XNLI, QA and XLSUM, we observe that
the average (avg column) performance over all lan-
guages for CW2V is vastly better than any other
approach. The English-only performance (en col-
umn) however is comparable across all approaches
with CW2V being only slightly better. This proves
that in decoder-only models while CW2V is as
good as any other approach for preserving the pre-
expansion English-only performance, it is substan-
tially better than other approaches for the new lan-
guages via vocabulary expansion.

5.2 Impact of Continual Pretraining

Here we show the compounding effects of contin-
ual pre-training and various initialization strategies
to understand whether initialization matters or not
when monolingual adaptation data exists.

For the encoder-only ROBERTa model: We eval-
uate the performance of expanded RoOBERTa mod-
els initialized with Constrained Word2 Vec (CW2V)
and other baseline methods with CPT. We evalu-
ate 15 checkpoints from one epoch of CPT (plus
the initial checkpoint prior to CPT) on 3 down-
stream tasks. The results are depicted in Figure 2.
Here, again, CW2V demonstrates comparable or
superior performance to OFA, especially towards
the latter stages of CPT. As illustrated in Figure 2,
CW2V quickly converges with OFA (within less
than 4 checkpoints) across all three tasks. Addi-
tionally, simpler baselines such as mean and mul-
tivariate also achieve comparable performance to
OFA and CW2V shortly thereafter (in NER and
QA, Multivariate catches up to CW2V within two
checkpoints), demonstrating strong performance.
This suggests that straightforward baselines like
multivariate can be as effective as sophisticated
methods such as Constrained Word2Vec and OFA.
Furthermore, our analysis consistently shows that
Univariate and Random initialization methods un-
derperform in comparison to CW2V, OFA, Multi-
variate*, and Mean. This highlights that Univariate

*Multivariate initialization has a high probability of re-



RoBERTa LLaMA2

XNLI NER QA MT XNLI QA XLSUM

en  avg en  avg en  avg \ En-X X-En en avg en avg en avg

Cw2v 86.0 36.0 822 215 907 90| 17.0 273 604 381 777 358 0.6 04
OFA 85.6 37.7 819 21.7 90.6 12.0 11.2 162 604 37.1 760 260 0.6 03
Multivariate  85.7 35.7 81.8 183 904 9.5 11.1 16.1 604 372 775 287 05 02
Univariate 856 366 820 220 90.7 103 11.1 160 604 372 774 287 05 03
Mean 855 360 815 203 905 8.8 11.1 162 60,5 372 774 287 05 03
Random 858 359 816 21.0 903 9.6 0.0 00 333 333 0.0 00 00 0.0

Table 2: Performance of the expanded RoOBERTa and LLaMA2 models initialized with Constrained Word2Vec and

baselines on downstream tasks across 5 languages.
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Figure 2: Evaluation of different initialization methods on expanded RoOBERTa models using three multilingual
tasks (XNLI, NER, QA) at 15 CPT checkpoints. The plots show average performance across five languages.

and Random methods, despite being used as pri-
mary baselines in previous work, are inadequate
for comparison.

For the decoder-only LLaMA2 model: Sim-
ilarly, we observe the performance of the ex-
panded LLaMA2 models initialized with Con-
strained Word2Vec and the baselines. We evaluate
5 checkpoints from one epoch of CPT (plus the
initial checkpoint prior to CPT) on 4 downstream
tasks. The results are depicted in Figure 3. For
MT and QA, both generative tasks, on average,
CW?2V is better if not comparable with OFA while
being consistently better than all other approaches.
We see that CW2V quickly surpasses OFA in 2-3
checkpoints. In the case of XLSUM, however, OFA
tends to be better during intermediate checkpoints
(1, 2, 3), but CW2V eventually performs just as
well afterwards. Once again, CW2V (and OFA) are
significantly better than other baselines.

XNLI is the only confounding task since no clear
trends can be observed over various CPT stages.
Furthermore, all models perform almost equally
poorly, indicating that neither vocabulary expan-

siding within the convex hull of the source embeddings (Ap-
pendix F)
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sion nor CPT is sufficient to improve XNLI perfor-
mance. We suppose that fine-tuning on an XNLI
dataset may shed further light on this, but due to
limited compute, we did not pursue fine-tuning for
any task and hence leave it as future work. Overall,
CW2V is a highly effective initialization strategy
for CPT, particularly benefiting languages that we
aim to support more effectively through vocabulary
expansion.

5.3 Catastrophic Forgetting in English tasks

Here we reveal something concerning about the
inevitable negative effect of CPT on the pre-
expansion language (English). During continued
pre-training on monolingual datasets in both tar-
get and source languages, even with the source
language (English) constituting 20% of the total
dataset, we observed an initial drop in English per-
formance. Figure 4 shows the performance of the
expanded RoBERTa models at various CPT check-
points on only English tasks. Initially, performance
drops, after which it begins to improve with pro-
longed training without comprising performance
on non-english tasks. This suggests that adjusting
the model to learn new target language data tem-
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Figure 3: 4-shot XNLI, MT, QA, XLSUM evaluation of different initialization methods on expanded LLaMA?2
models at 5 equidistant CPT checkpoints. MT plots show average performance across 4 languages, and XNLI, QA,
XLSUM plots show average performance across 5 languages.
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Figure 4: Assessment of English performance for various initialization methods on expanded RoBERTa models
across three downstream tasks (XNLI, NER, QA) at 15 CPT checkpoints.

porarily disrupts the weights previously optimized
for English but prolonged training could potentially
further restore and enhance English performance.

6 Conclusion

In this work, we establish that effective embed-
ding initialization for an expanded vocabulary in
language models can be achieved within the con-
vex hull of source vocabulary embeddings. We
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introduce a data-driven initialization method, Con-
strained Word2Vec (CW2V), which learns the tar-
get embeddings by constraining them in the con-
vex hull of the source embeddings. Our compari-
son of various initialization methods reveals that
Constrained Word2Vec performs on par with other
advanced techniques. Additionally, we find that
simple methods like Multivariate and Mean, which
ensure new embeddings lie within the convex hull



of source embeddings, perform comparably well to
more complex approaches. This indicates that effi-
cient large-scale multilingual continued pretraining
can be possible even with simpler methods, pro-
vided they are good initialization strategies.
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A Limitations
In this work, we identify the following limitations:

* Due to limited computational resources, we
could not explore a variety of pre-trained mod-
els beyond RoBERTa and LLaMA?2. However,
since most language models function simi-
larly, we expect our methods and findings to
be generally applicable.

For LLaMA?2 models, we only conduct few-
shot prompting for downstream task evalua-
tion due to resource constraints. Nonetheless,
based on our observations with RoBERTa,
fine-tuning on downstream tasks will likely
show that CW2V and OFA are only
marginally better than other approaches.

Although we evaluated only five downstream
tasks, we cannot confirm that our observations
will apply to all types of tasks. This remains
an area for future research.

We show experiments on four lan-
guages—Hindi, German, Russian, and
Tamil—due to limited computational re-
sources. However, as we have chosen
languages from different scripts, we expect
our methods and findings to be generally
applicable.

B Further Analysis

Theorem 3. : All strongly good initializations are
in the convex hull.

Let ¢€5,¢5,¢€5,...,e5 € R? be the embeddings
of words in V°. Lety € R If (hTy) <
supgeys (hle;) for all h € RY, then y € S,
where S is the convex hull of the embeddings

S
vy E
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S S S
61, 62, 63,

Proof. We prove this using contradiction. Say, y ¢
S and (hTy) < supjeys (hTe) holds good for all
h € R%. Since, S is closed and convex and yé¢S,
there exists a hyperplane H that strictly separates
y from S. This hyperplane defines a half space H
containing S. Note that 7 contains S and y ¢ H

Letb € R% be a point on the hyperplane H. Let
i € R? denote the normal to the hyperplane H.
We choose 77 in such a way that any point 7 € S
satisfies,
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Thus, any embedding e® € {ef, €3, ..., €5 } satis-
fies,

(e =)'t <0 2)
and any point ¢ ¢ H satisfies,
(-b0)Ti>0
Asy & H,
(y =)t =0 (3)
Equations 2 and 3 imply,
iles <itly V e € {e,e5,....,es} (4

Thus, supyeys (7' ef) < (7i’y) which contra-
dicts the statement that (h7y) < supjeys(hlef)
holds good for all h € R as it fails for h = 1i.

Thus, if (hTy) < supyeps(hTe;) forall h €
R?, then y € S, where S is the convex hull of the
embeddings ef, €3, €3, ...

S
€.

O]

Thus, from theorem 3 we can say that any
‘strongly good’ initialization must lie in the con-
vex hull of pre-expansion embeddings. But for an
initialization to be considered ‘good’, the output
word must remain unchanged for prefixes formed
by word sequences from the source vocabulary.
This implies that the condition 1 only needs to
be satisfied for a subset of R?, rather than for all
h € R?. Thus, it is not necessary that the converse
of Theorem 2 to be true as we can have initial-
izations which are ‘good’ but not ‘strongly good’.
However, we can say that if an initialization is
‘strongly good’, embeddings must lie in the convex
hull of pre-expansion embeddings.

C Effect on Initialisation on Model
Output

Random initialization of new embeddings can re-
sult in a pre-trained language model assigning a
probability of 1 to new words and can degrade do-
main adaptation performance (Hewitt, 2021). Fig-
ure 5 shows the outputs of expanded LLaMA2 mod-
els for an English sentence prompt. Random ini-
tialization of expanded tokens results in gibberish,
while the other three methods produce outputs iden-
tical to the base LLaMA?2 model, as they ensure
embeddings lie within the convex hull of source
embeddings.



Initialization Output
LLaMA2- Base the same thing every day.
Cw2v the same thing every day.
OFA the same thing every day.
Mean the same thing every day.
Random o2 ST SATET S5it

Figure 5: Expanded LLaMA2 Model Outputs for the
Prompt : “Idon’t want to eat" for various initializations.

D Fertility Score

Fertility Score English | Hindi | Tamil | Russian | German
LLaMA?2 Tokenizer | 2.89 747 | 12.66 | 4.25 3.88
RoBERTa Tokenizer | 2.87 10.85 | 28.80 | 9.89 4.42
Extended Tokenizer | 2.87 283 | 283 |374 3.88

Table 3: Fertility scores for the source and the extended
tokenizers on all the languages

Table 3 shows the fertility scores of the target
tokenizer with respect to source tokenizer on 5
languages considered.

E Tokenizer Coverage

Target Tokenizer

Copied Tokens | Initialized Tokens | Coverage

RoBERTa 22K 35K 385 %
LLaMA2 32K 25K 56.14 %

Table 4: : The number of subwords being initialized by
copying from the original embeddings from RoBERTa’s
and LLaMA’s tokenizers.

Table 4 shows the size of source vocabulary in
experiments with ROBERTa and LLaMA?2. As the
new vocabulary is extended from LLaMA?2, many
subword embeddings are directly copied when us-
ing LLaMAZ2 as the source model. We employed
a ‘fuzzy’ search similar to FOCUS (Dobler and
de Melo, 2023) to identify the common tokens be-
tween the target tokenizer and the RoBERTa tok-
enizer. This led to a 38.5 % coverage of tokens
leading us to a source vocabulary of size 22K for
experiments with RoBERTa.

F Do Multivariate and Univariate
initializations reside in the hull?

In multivariate initialization, we sample from a
multivariate Gaussian that considers correlations
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across dimensions, unlike the univariate distribu-
tion. When dealing with strongly correlated di-
mensions (positive or negative), a multivariate ap-
proach proves advantageous. By considering the
correlations across dimensions, we can sample new
embeddings that are positioned more effectively
within the latent space of original embedding dis-
tribution. However, there is no straightforward
method to determine if embedding sampled from
either distribution lies within the hull. To ensure
that multivariate initialization remains within the
convex hull with a high confidence, we also scaled
the covariance matrix by a factor of 1e-5. In con-
trast, unscaled univariate initialization was used as
a baseline, aligning with previous studies (Liu et al.,
2024). (Hewitt, 2021) recommends employing mul-
tivariate initialization to incorporate noise. Notably,
as illustrated in Figure 2, multivariate initialization
significantly outperforms univariate initialization
and closely approaches the performance of OFA
in encoder-based models. However, a comprehen-
sive theoretical analysis is required to determine
if unscaled multivariate initialization has a higher
likelihood of being within the convex hull com-
pared to univariate initialization. This aspect is left
for future research, given the empirical observa-
tion that univariate initializations typically exhibits
lower performance compared to scaled multivariate
initialization.

G Continued Pretraining Details

All the expanded and initialized RoOBERTa models
are trained on the same hyperparameters used in
OFA (Liu et al., 2024). Specifically, we employ
the MLM objective with a standard mask rate of
15%. We utilize the Adam optimizer (Kingma and
Ba, 2017) with parameters ($; = 0.9, 32 = 0.999)
and € = 1 x 1075, The initial learning rate is set to
5 x 107°. The only deviation from our approach
compared to OFA is the batch size, which is fixed
at 32. Each batch consists of training samples con-
catenated up to the maximum sequence length of
512, randomly selected from all language-scripts
described in Section 4.3. We continue to pretrain
using the scripts adapted from HuggingFace®.

For LLaMa2, we used the standard LM objective
with a context length of 2048 subwords. We used
the Adam optimizer with linear warmup and decay
where the peak learning rate was 5 x 107° and
warmup was done till 10% of training steps. We

5ht’cps: //github.com/huggingface/


https://github.com/huggingface/

trained for 1 epoch over our data saved checkpoints
every 20% of an epoch enabling us to study model
behavior against increasing training data.

H Complete Results for Each Task and
Language

Results for each task in all the languages across all
the checkpoints is given in figures 6, 7, 8, 9, 10, 11,
12
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Abstract

The development of Large Language Models
(LLMs) has brought impressive performances
on mitigation strategies against misinformation,
such as counterargument generation. However,
LLMs are still seriously hindered by outdated
knowledge and by their tendency to generate
hallucinated content. In order to circumvent
these issues, we propose a new task, namely,
Critical Questions Generation, consisting of
processing an argumentative text to generate
the critical questions (CQs) raised by it. In
argumentation theory CQs are tools designed
to lay bare the blind spots of an argument by
pointing at the information it could be miss-
ing. Thus, instead of trying to deploy LLMs to
produce knowledgeable and relevant counterar-
guments, we use them to question arguments,
without requiring any external knowledge. Re-
search on CQs Generation using LLMs requires
a reference dataset for large scale experimenta-
tion. Thus, in this work we investigate two com-
plementary methods to create such a resource:
(1) instantiating CQs templates as defined by
Walton’s argumentation theory and (ii), using
LLMs as CQs generators. By doing so, we
contribute with a procedure to establish what
is a valid CQ and conclude that, while LLMs
are reasonable CQ generators, they still have a
wide margin for improvement in this task.

1 Introduction

Natural Language Processing (NLP) applications
to deal with misinformation have become a popular
line of research in tasks such as fact verification
(Thorne et al., 2018), evidence retrieval (Soleimani
et al., 2020) or counterargument generation (Chung
et al., 2019; Chen et al., 2023). However, even
when deploying generative Large Language Mod-
els (LLMs), most applications face challenges re-
garding three issues: LLMs often lack the required
up-to-date knowledge for these tasks (Gao et al.,
2023), there is not always an agreement on what

Rodrigo Agerri
HiTZ Center - Ixa
University of the Basque
Country UPV/EHU
rodrigo.agerri@ehu.eus

is the truth (Chang et al., 2024), and LLMs them-
selves can produce hallucinations or rely on un-
faithful data, generating misinformation of their
own making (Xu et al., 2024; Lin et al., 2022).
Yet, instead of requiring the LLMs to output fac-
tual knowledge, could we use them to point at the
missing or potentially uninformed claims? In other
words, could we use LLMs to uncover the blind
spots in the argumentation? To open this line of
research, we ground our work on argumentation
theory, which has for centuries been studying dia-
logical exchanges of information. Specifically, we
look into argumentation schemes, a set of abstract
structures developed by systematically identifying
common patterns of argumentation and outlining
the defeasibility of these patterns. In these struc-
tures, the devices designed to find the blind spots
in the arguments are called critical questions.
Critical questions are the set of inquiries that
could be asked in order to judge if an argument is
acceptable or fallacious. Therefore, these questions
are designed to unmask the assumptions held by
the premises of the argument and attack its infer-
ence. In the theoretical framework developed by
Walton et al. (2008), argumentation schemes are
represented as templates depicting the premises,
the conclusion, and the critical questions of each
scheme. This framework is useful to promote criti-
cal thinking, since it allows uncovering fallacies by
answering questions. Figure 1 shows two examples
of argumentation schemes and their corresponding
critical questions (CQs). The first of these exam-
ples is an argument that links a cause (migration)
to an effect (unemployment). Therefore, the CQs
related to this argument ask about the strength of
this relation and the possibility of other causes also
having a role in the effect. The second example fits
the scheme of practical reasoning. That is, given a
goal, the argument defines an action to achieve it.
Here, the CQs ask about the compatibility of this
goal with others, the alternative actions to achiev-
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(a) Scheme — Argument from Cause to Effect
Premise: Generally, if people pour into the USA, then
Americans lose their jobs.

Premise: In the current situation, people are pouring into the
USA.
Conclusion: In the current situation, Americans lose their
jobs.

CQ: How strong is the generalisation that if people
pour into the USA then Americans will lose their jobs?
CQ: Are there other factors in this particular case that could be
interfering with the fact that Americans lose their jobs?

(b) Scheme - Practical Reasoning
Premise: There is the goal of making the economy fairer.
Premise: Raising the national minimum wage is a means to
realize the goal of making the economy fairer.
Conclusion: Therefore, raising the national minimum wage
ought to occur.

CQ: Are there other relevant goals that conflict with making
the economy fairer?

CQ: Are there alternative actions to raising the national mini-
mum wage to achieve making the economy fairer? If so, which
is the most efficient action?

CQ: Could raising the national minimum wage have conse-
quences that we should take into account? Is it practically
possible?

Figure 1: Arguments from the US2016 dataset (Visser et al., 2021), instantiated using the templates of argumentation
schemes and critical questions defined in Walton et al. (2008).

ing this goal, and the potential consequences of the
proposed action.

Previous work has proved the usefulness of CQs
for enhancing fallacy identification (Musi et al.,
2022), and for argumentative essays evaluation
(Song et al., 2014). But, to the extent of our knowl-
edge, there has not been any attempt to automate
the generation of CQs. In this work, we propose
the task of Critical Questions Generation: given an
argumentative text, the model is asked to generate
the necessary CQs to assess the acceptability of
the arguments in the text. In this setting, the argu-
mentative text is the input and the set of CQs is the
target output. As in other NLP tasks, such as ma-
chine translation or paraphrasing, the model is not
required to find new information, but to understand
and reformulate the input in a certain way.

A crucial requirement to investigate the auto-
matic generation of CQs is to have reference data
for experimentation. However, as far as we know,
there has not been any attempt to create such a re-
source. In order to address this shortcoming, in
this paper we investigate two methods for creat-
ing a dataset for the generation of CQs: (1) using
the sets of CQ templates defined in Walton et al.
(2008)’s theory (from now on, theory-CQs); and
(2) using LLMs to generate these CQs (from now
on, llm-CQs). While looking into these methods,
we attempt to answer the following research ques-
tions: (i) are current Large Language Models good
critical question generators? (ii) how can we op-
erationalize what is a valid critical question? (iii)
what is the optimal strategy to build a reference
dataset for large scale experimentation on the task
of Critical Questions Generation?!

To answer these questions, we start by looking at
the theoretical sets of CQs and instantiating them
using a set of argumentative texts already anno-
tated with argumentation schemes (Visser et al.,
2021; Lawrence et al., 2018). As a second step, we
prompt two state-of-the-art LLMs to give us candi-
date CQs for these same argumentative texts, and
we design a procedure to evaluate their relevance
towards the texts and their validity as CQs. We
then compare the two methods and highlight the
main challenges faced by LLMs when generating
CQs. Summarizing, the main contributions of this
work are:

* We propose the task of Critical Questions
Generation and motivate it by relying on pre-
vious work.

* We use naturally-occurring dialogical data to
study how to generate critical questions using
the theory templates and LLMs.

* We operationalize how to define a valid criti-
cal question.

* We study the main challenges faced by LLMs
when generating critical questions.

In this work, we observe that questions gener-
ated using theory and questions generated using
LLMs are complementary: while theory-CQs are
mostly about relations between premises, Ilm-CQs
rather ask about evidences. Additionally, LLMs
introduce a new type of questions: those asking
about further definition of the terms used in the
arguments. Regarding the performance of current
LLMs, we observe that models struggle to output
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relevant CQs and output many non-critical ques-
tions. Therefore, we conclude that more advanced
training and prompting techniques should be used
and, to this end, reference data should be created
using both the theory and LLMs’ methods. All the
data and code in this project has been released.’

2 Previous Work

To contextualise this work, we discuss the rela-
tion between argumentation and misinformation,
introduce the nature of critical questions, and of-
fer related work on argumentation schemes from a
computational point of view.

2.1 Using argumentation to fight
misinformation

Misinformation has been tackled using many strate-
gies: from debunking strategies (e.g. fact-checking
propagated information) to pre-bunking (e.g. ex-
posing disinformation strategies to make citizens
resilient towards manipulation). However, recent
studies have shown that pre-bunking has a poten-
tially longer effect, since the learned skills are
not bound to specific contexts (Maertens et al.,
2021). Following this, digital applications have
been built to enhance citizens’ abilities to deal with
misinformation, such as the recognition of mis-
leading sources and headlines (Fakey,” NewsWise
headlines quizz?), the identification of fake images
(Real or Photoshop quizz*), or the decision-making
processes of news rooms (BBCireporter,” News-
Feed Defenders®).

However, these applications focus mostly on
dealing with fake information, while misinforma-
tion is often generated by drawing invalid rela-
tions between claims and the premises provided
to support these claims (Musi et al., 2023). In
this sense, more recent pre-bunking applications
have focused on techniques based on argumenta-
tion theory, which have the goal of evaluating the
connections between the available evidence and
the statement that it is trying to support (Lawrence

1https://github.com/hitz—zentroa/critical_
questions_generation

Zhttps://fakey.osome.iu.edu/

3https://www.theguardian.com/newswise/2®21/
feb/@4/fake-or-real-headlines-quiz-newswise-2021

4https://landing‘adobe.com/en/na/products/
creative-cloud/69308-real-or-photoshop/

5https://www.bbc.co.uk/news/resources/
idt-8760dd58-84f9-4c98-ade2-590562670096

6https://www.icivics.org/games/
newsfeed-defenders

et al., 2018; Visser et al., 2020; De Liddo et al.,
2021; Altay et al., 2022).

In this line of research, Musi et al. (2023) devel-
oped a chatbot that, following gamification princi-
ples, used a dialogical context to teach users how
to identify fallacies by being exposed to critical
questions. Users of this tool showed an overall
increased ability to identify fallacious arguments.
While the scenarios portrayed in Musi’s chatbot
are based on an annotated database of 1,500 fact-
checked news, latest NLP advances in LLMs could
be used to generate critical questions on unseen
arguments, therefore being able to use this tool to
deal with any upcoming domain.

Applications of language models in the fight
against misinformation have often been framed as
classification and information retrieval tasks (Mon-
toro Montarroso et al., 2023). In contrast, we pro-
pose to use LLMs as a tool for generating questions,
which enhances the relativistic conceptions of truth
of most critical thinking paradigms (Musi et al.,
2023), as opposed to the absolutist notions of truth
encouraged by using LLMs as question-answerers
and classifiers.

2.2 The nature of critical questions

Critical questions are an essential element of the
notion of argumentation schemes. Argumentation
schemes are “forms of arguments (structures of in-
ference) that represent structures of common types
of arguments used on everyday discourse” (Walton
et al., 2008). These arguments are defeasible, mean-
ing that their conclusions can be accepted only pro-
visionally while there is no evidence that defeats it.
Defeasible arguments are the most common argu-
ments in everyday discussions, and knowing what
to ask before accepting them is an important skill.

The predecessor of argumentation schemes were
topics (fopoi in Aristotle’s Rhetoric), which were
conceived as warrants that back the logical infer-
ences drawn from premises to conclusions. Mod-
ern researchers have adapted them for use in com-
putational applications (Reed and Walton, 2001;
Macagno et al., 2017). Additionally, these tools
have become popular among critical thinking re-
searchers for their pedagogic usefulness.

In pedagogical terms, argumentation schemes
can be used “as a way of providing students with
additional structure and analytic tools with which
to analyze natural arguments and to evaluate them
critically” (Walton et al., 2008). In this approach,
critical questions function as memory devices: a
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way to recall the missing information in the argu-
ment.

Although the goals and usefulness of critical
questions have been extensively discussed, up to
our knowledge, there has not been any successful
attempt to operationalize what is and what is not a
valid critical question. Since our goal is to create
them automatically, setting this boundary becomes
a necessary first step.

Most definitions of critical questions are highly
linked to their function. Following this tradition,
it could be argued that a good critical question is
the one that fulfills its goal: pointing at reasons to
rebut the argument. Moreover, critical questions
can not only attack the acceptability of an argument
by defeating its conclusion, but also undercut it by
attacking the connection between the premises and
the given conclusion (Pollock, 1987). In Section 4,
we operationalize this definition of valid CQ, and
in Section 5, we implement it in the evaluation of
IIm-CQs.

2.3 Argumentation Schemes in
Computational Argumentation

While no attempt exists to automatically generate
CQs, there has been some work on argumentation
schemes annotation and detection, which we will
be taking as a starting point.

One of the most ambitious works in argumenta-
tion from a computational point of view was the
Araucaria project, which created a database of ar-
guments annotated in Argument Markup Language
that included argumentation schemes (Reed et al.,
2008). Later, the Inference Anchoring Theory (IAT
Budzynska and Reed (2011)) became a popular
format for representing how arguments are cre-
ated in dialogical settings. IAT diagrams feature
locutions, propositions, dialogical relations, and
propositional relations. Recent work has also added
argumentation-scheme labels to IAT diagrams. The
available datasets annotated with IAT and schemes
are listed in Table 1.

Other datasets that are labeled with argumenta-
tion schemes although not in the IAT format are
the social media datasets from Jo et al. (2021),
which contain 1,924 examples of 2 argumenta-
tion schemes; and the Genetics Research Corpus,
which identifies argumentation schemes in scien-
tific claims from genetic research articles (Green,
2015). Lately, datasets with synthetic arguments
have been released (Kondo et al., 2021; Ruiz-Dolz
et al., 2024; Saha and Srihari, 2023). However, we

are interested in naturally-occurring arguments.

The task of automatically identifying argumen-
tation schemes was first attempted by Feng and
Hirst (2011) and Lawrence and Reed (2016), using
machine learning techniques. Later, Jo et al. (2021)
used logic and theory-informed mechanisms for
a similar task, and Kondo et al. (2021) used lan-
guage models, showing the difficulty of identifying
schemes (with 7 categories, their overall accuracy
with BERT (Devlin et al., 2019) was 27.5%).

In previous work, it has been observed that tasks
requiring complex reasoning remain a challenge for
LLMs (Xu et al., 2023; Gendron et al., 2024; Han
et al., 2022). Furthermore, Payandeh et al. (2023)
demonstrated that LLMs are easily convinced us-
ing logical fallacies, and Ruiz-Dolz and Lawrence
(2023) showed that LLMs fail when asked to detect
argumentative fallacies. The task of fallacy detec-
tion is highly related to our work (Sahai et al., 2021;
Goffredo et al., 2022; Alhindi et al., 2022; Helwe
et al., 2024). However, in this work we wish to
foster human-computer interaction and use LLMs
to raise the questions that would help a human un-
mask the fallacies of its caller.

So far, the most similar work to ours is Musi et al.
(2023), where they developed a chatbot that out-
putted critical questions from a database of possible
issues, and Song et al. (2014), where they found
that human annotations identifying the CQs present
in essay evaluations contributed significantly to pre-
dicting the grade. While their experiments tested
the usefulness of using CQs, none of these two
tried to generate them automatically.

3 Data

For the purpose of this work we have decided to
use a subset of the US2016 (Visser et al., 2021) and
the Moral Maze datasets (Lawrence et al., 2018),
which, as explained in the previous section, have
already been transcribed and annotated with argu-
mentation schemes. Both of these datasets are oral
debates, and they are structured as sequences of
interventions by different debaters.

In order to use these datasets, we have mapped
their labels to the argumentation schemes in Wal-
ton et al. (2008). Since the labels of both of these
datasets are based on Walton’s work, the mapping
has amounted to terminology matching. Given the
long list of argumentation schemes, we have de-
cided to work with the 18 most frequent schemes.
Annex A provides the mapping and the distribu-
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Name Paper N° Args. N°Schemes Original Format Domain
US2016 Visser et al. (2021) 413 60 Oral debate Politics
Moral Maze Lawrence et al. (2018) 79 32 Oral debate Politics
US2016reddit 19 4 Written social media Politics
EO_PC Lawrence and Reed (2015) 139 3 Written Not specified
Reg. Room Div. Konat et al. (2016) 227 7 Written social media  Product Regulations
Legal 545 12 Written Legal

Table 1: Available data in IAT format with argumentation schemes. All the datasets are in English.

tion of argumentation schemes for each of the two
datasets.

Since both of these datasets have been annotated
as IAT diagrams, each argumentation scheme la-
bel links two or more propositions in the debate,
forming an argument.” The debates are composed
of interventions, which we are going to use as our
argumentative texts. Each intervention can have
many annotated arguments (or none). After pre-
processing,® we obtain 370 interventions (73 from
Moral Maze and 297 from US2016) of which 117
contain at least one argument (25 from Moral Maze
and 92 from US2016).

For the manual analysis of this work, we use
21 of the interventions, chosen to keep the label
distribution as similar as possible to the one in the
full datasets; 10 of these interventions come from
US2016 and 11 from Moral Maze. The distribution
of the 60 arguments contained in these 21 interven-
tions can be found in Annex B.

4 Our Method

In order to identify the challenges in the task of
Critical Questions Generation, there is an urgent
need for reference data. To explore how this data
should be created, we generate critical questions
both using the theory templates and LLMs.

To generate CQs based on Walton’s theory
(theory-CQs), we take each annotated argument
and instantiate the CQs associated to that argumen-
tation scheme (red-dotted box at the top of Figure
2). Regarding the generation of CQs with LLMs
(Ilm-CQs), we prompt two state-of-the-art LLMs
and we evaluate the relevance of the candidate CQs
towards the argumentative text (blue-dashed box at
the bottom of Figure 2). We then relate the Im-CQs
to the arguments of the text and to the theory-CQs

"For a comprehensive explanation of IAT diagrams see
Hautli-Janisz et al. (2022).

8We structure the data by intervention, splitting the very
long interventions, and merging the very short ones (for an
example, see the columns "Intervention" in Table 2 and Figure
3). The code on how to go from the IAT diagrams to our
dataset has been published on Github.

(green box), and assess the validity of the llm-CQs
that relate to an argument but do not correspond to
any of the existing theory-CQs (such as CQ 5 in
Figure 2). In the rest of the section, we describe in
detail each of these processes.

4.1 Generation using theory

The critical questions based on theory are defined
using the set of CQs in Walton et al. (2008). We
reformulate some of these questions to make them
sound more natural (the final set can be found in
Annex C). To transform these questions into tai-
lored CQs for each argument, we first manually
annotate the text needed to fill the gaps of the vari-
ables in the argumentation-schemes’ templates. For
each argument, the annotator sees the premises
and conclusion associated with the argumentation
scheme (i.e. the template), the propositions of the
argument, and the entire intervention in which the
argument occurred. For instance, to annotate ar-
gument a in Figure 1, the annotator saw the data
in Table 2, and was asked to write the text that is
needed to instantiate the scheme template. In this
case, < eventA > = "people are pouring into the
USA" and < eventB > = "Americans might lose
their jobs".

We used two annotators for this task, and
achieved an inter-annotator agreement (IAA) of
0.88 with a sample of 174 variables.” In the end, 9
arguments were discarded by both annotators, as
they were not able to find the connection between
the propositions and the argumentation scheme that
had been given to its relation.

We then instantiated the CQs, substituting each
variable for the piece of text that had been anno-
tated. This step resulted in questions with grammat-
ical errors, which we post-edited manually, with
39.44% of the questions getting editions. We dis-
carded 10 of the questions for being meaningless.
Most common corrections consisted of modifying
verbs from infinitive to gerund forms and vice-

The extended explanation of this annotation will be pub-
lished as guidelines.
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Figure 2: Outline of the steps taken in our approach. Starting from each intervention, we generate CQs using the
theory templates (red-dotted box) and the LLMs (blue-dashed box). In the green box, we relate the relevant 1lm-CQs

to the arguments of the intervention (if possible), and rela

te these 1lm-CQs to a theory-CQ (if possible).

Argument

S Scheme Template Propositions Intervention
cheme
TRUMP: I want to make America great again
We are a nation that is seriously troubled
"people are pouring We’re losing our jobs
Argument Generally, if < eventA >, then < eventB >. into the USA" People are pouring into our country
from In the current situation, < eventA >. & The other day , we were deporting 800 people
CauseToEffect | In the current situation, < eventB >. "Americans are losing perhaps they passed the wrong button
their jobs" they pressed the wrong button
perhaps worse than that
it was corruption [...]

Table 2: Data seen by the annotator when defining the variables to fil the argumentation scheme templates.
Propositions and argumentation schemes come from the IAT annotations in the US2016 dataset (Visser et al., 2021).

The scheme template comes from Walton et al. (2008).

versa, or from singular to plural forms and vice-
versa, and removing double negations. This pro-
cess resulted in the generation of 129 theory-CQs
associated to 51 arguments, an average of 6.14 CQs
per intervention.

4.2 Generation using LLMs

Walton’s sets of critical questions are thought of as
starting points towards rebuttal strategies. However,
they do not intend to be an exhaustive list of the
potentially useful CQs for each scheme (Walton
and Godden, 2005).

For this reason, it is interesting to experiment
with LLMs to see if the models can generate ques-
tions that are valid CQs but are not included in
Walton’s templates. In this sense, our goal is to
have a list of valid CQs as exhaustive as possible
that could be used as reference data. However, llm-
CQs should be carefully curated. For this purpose,
we have designed a method to filter the candidate
IIm-CQs and obtain a list of relevant and valid CQs.
This procedure will serve, at the same time, as an
evaluation of how good current LLMs are at gener-

11

ating CQs.

To this goal, we prompt two LLMs to generate
the CQs that each intervention may arise in a zero-
shot setting. We experiment with two different
prompts, one including the query and the interven-
tion,'° and one that also includes a definition of
critical questions.!! Then, the evaluation process
to filter the candidate llm-CQs has the following
three steps.

First, we manually review each of the candidate
CQs to detect those that are not relevant with re-
spect to the given argumentative text (i.e. the inter-
vention). We have detected three issues that make
the questions not relevant: (a) the introduction
of new concepts or topics — ideally LLMs should

OPrompt 1: List the critical questions that should be
asked regarding the arguments in the following paragraph:
< SPEAKER >: “<INTERVENTION >"”

WPrompt 2: Critical questions are the set of enquiries that
should be asked in order to judge if an argument is good or
fallacious by unmasking the assumptions held by the premises
of the argument. List the critical questions that should be
asked regarding the arguments in the following paragraph:
< SPEAKER >: “<INTERVENTION >"
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generate CQs related to the content of the inter-
vention, not introducing new topics or concepts
that may carry the model’s biases; (b) bad reason-
ing, namely, questions critical towards positions
or claims the speaker does not hold; or (c) non-
specific critical questions that could be asked on
any argument and that do not take the intervention
into account.

Second, using the set of relevant llm-CQs, we
match each of these to one of the annotated argu-
ments (if possible), and then assess if the matched
CQs also exist in the set of theory-CQs of that argu-
ment (that means checking whether they are asking
about the same blind spot as any of the CQs gener-
ated in Section 4.1). This process leaves us with 4
types of Ilm-CQs: (i) the ones that are not relevant
(CQs 1, 4 and 6 in Figure 2), (ii) the ones that do
not match any of the annotated arguments (CQ 3 in
Figure 2), (iii) the ones that have a matching argu-
ment and a matching theory-CQ (CQ 2 in Figure 2),
and (iv) the ones that do have a matching argument
but NOT a matching theory-CQ (CQ 5 in Figure 2).
We are interested in further investigating this last
group, as these are the CQs that the theory did not
generate, but are potentially valid.!?

Third, the last step to validate this group of LLM-
generated CQs consists in assessing their inferen-
tial relation to the arguments they have been as-
signed. That means asking whether it fulfills the
core function of CQs: unmasking a blind spot in
the argument. We operationalized this evaluation
by taking each argument and question pairs and
asking: "Can the answer to this question diminish
the acceptability of the argument?". The answer to
this question can only be yes or no.'* In a proof-
of-concept evaluation we achieved an IAA of 0.65
with two annotators.

5 Results

In order to generate the critical questions we use
two open state-of-the-art LLMs: Llama-2-13B and
Zephyr-13B (Touvron et al., 2023; Tunstall et al.,
2023). We employ the instruction-tuned chat ver-
sions of the models. For Zephyr, we use the param-
eters indicated for their chat version and the chat
templates used in training. For Llama-2, we use the

2In group (ii), there are also potentially valid questions but,
since we are not able to relate them to any of the annotated
arguments, we do not have a way to validate them. This set
can include both invalid questions or valid questions related
to non-annotated arguments.

The guidelines of this evaluation will be published.

chat version released in July 2023. With the two
prompts, we obtain 495 LLM-generated candidate
CQs (Ilm-CQs). We now report the results of each
of the evaluation steps described in Section 4.2,
to later compare the llm-CQs to the theory-CQs,
showing the differences between the questions ob-
tained through each of these approaches.

5.1 Relevance with respect to the Intervention

The relevance issues found in the 1lm-CQs are re-
ported in Table 3. For all types of issues, Llama-2
works better than Zephyr. While in Llama-2 with
the Query prompt 80% of the CQs are relevant,
in Zephyr with the Query+Definition prompt the
relevance drops to 30%.

When using the prompt with just the query, for
both models, over 10% of the generated questions
ask about claims the speaker does not hold (i.e. bad
reasoning). Additionally, in Zephyr, 15% of the
questions introduce new concepts. We expected
that adding the definition of CQs to the prompt
would improve the performance of the models.
However, while bad reasoning issues are reduced
by half for both models, new concept issues do not
disappear (and even increase for Llama-2). Addi-
tionally, a new type of issue is introduced: non-
specific questions. These are candidate CQs that
are not specific to the text, but just general CQs
(e.g. "What assumptions is the argument mak-
ing?"). That is especially the case with Zephyr.
With this model, we also get a lot of outputs that are
not even questions (the ones classified as Other).

5.2 Relation of llm-CQs to Arguments and to
theory-CQs

In order to validate the 308 relevant LLM-
generated CQs, these need to be related to one
of the arguments in the intervention. In this step,
the 1lm-CQs are paired with the arguments of the
intervention that prompted them. As a result, 191
unique llm-CQs are associated to at least one of the
arguments, resulting in 50 out of the 51 arguments
having at least one associated 1lm-CQ. Since one
IIm-CQ can be associated with many arguments,
and an argument can have multiple associated llm-
CQs, the total number of pairs of arguments and
IIm-CQs is 294.

Regarding those questions that appeared both in
the llm-CQs and in the theory-CQs, we have found
36 unique lIm-CQs that have a matching theory-
CQ. Since multiple Ilm-CQs can be associated to
one theory-CQ (if they have the same meaning),
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Model Prompt Relevant C New Bad. Non-specific  Other | TOTAL
oncept Reasoning

Zephyr Q-prompt 67.57% 14.86% 14.86% 0.0% 2.7% 74

Llama-2 Q-prompt 80.74 % 4.44% 11.11% 2.96% 0.74% 135

Zephyr  D+Q-prompt | 29.46% 13.18% 7.75% 33.33% 16.28% 129

Llama-2  D+Q-prompt 70.7 % 10.19% 6.37% 12.1% 0.64% 157

All All 308 50 46 66 25 495

Table 3: Relevance issues of the LLM-generated critical questions. By model and prompt. Q-prompt refers to the
prompt with only the query, and D+Q-prompt refers to the prompt that also has the definition of CQs. Each column

is one of the relevance issues described in Section 4.2.

we obtain 52 pairs of llm-CQs and theory-CQs.

In the end, this step has left us with 242 1lm-CQs
that are associated to an argument but do not match
any of the theory-CQs of that argument.'*

5.3 Inferential Validity of the llm-CQs

Having related each of the llm-CQs to an argument,
we can finally check the validity of each of these
critical questions by asking if the answer to the CQ
could diminish the acceptability of the argument.
We do this with the 242 1lm-CQs that have an asso-
ciated argument but have no matching theory-CQ,
since we already know that llm-CQs that matched
a theory-CQs are valid critical questions.

This evaluation results in 64.05% of the relevant
and related 1lm-CQs being marked as valid (155
questions). The remaining 87 questions do not
focus on critical aspects of the argument, often,
these ask for additional information that could not
impact the acceptability of the argument.

After the filtering processes described, we have
been left with a dataset of 21 interventions asso-
ciated to three sets of valid CQs: (i) the theory-
CQs (129 in total), (ii) the llm-CQs that matched
a theory-CQ (52 in total), and (iii) the llm-CQs
that did not match a theory-CQ but were found to
be valid in Section 5.3 (155 in total). That means
that we have 207 valid llm-CQs in total (52 plus
155), 137 of which are unique. Therefore, in the
end, only 28% of the 495 candidate 1lm-CQs end
up being relevant and valid (for an example of an
intervention in the resulting dataset, see Figure 3).

5.4 Comparing the Approaches

At this point, it is interesting to study the differ-
ences between the sets of questions obtained in
each approach. To this goal, all the CQs have been
classified regarding the type of blind spot they are
trying to unmask. We find that, regarding theory-
CQs, the most common type of questions are those

“Note these are pairs of related 1lm-CQs and arguments.

asking about the relation between the premises and
the conclusion (27%), followed by questions about
the available evidence (24%), and questions about
possible exceptions (18%). In the case of 1lm-CQs,
asking about evidence is the most common type of
CQs (27%), followed by relations (21%) and po-
tential consequences of the premises (17%). Most
interestingly, we find that 16% of 1lm-CQs are ask-
ing for more specific definitions of the concepts
present in the argument. This kind of questions
are not contemplated at all in the theoretical sets
of questions, and both of our annotators consid-
ered them valid (the first llm-CQ in Figure 3 is
of this type). Finally, the few questions that are
generated with both approaches (theory and LLMs)
are mostly about consequences and evidence (see
Table 4).

Type | t-CQs % IIm-CQs % match
evidence 31 24.0 55 26.6 17
relation 35 27.1 43 20.8 10
conseq. 14 10.9 35 16.9 19
definition 0 0.0 34 16.4 0
other 6 4.7 20 9.7 0
alternative 6 4.7 7 34 0
exception 23 17.8 7 34 5
source 14 10.9 6 2.9 3
Total 129 207 52

Table 4: Types of questions in the final sets of theory-
CQ, valid llm-CQs, and matching CQs between the two
approaches. Amount and percentage. The matching
ones are also included in the counts of both approaches.

6 Concluding Remarks

In this work we have introduced and motivated the
task of Critical Questions Generation. Moreover,
we have studied how to generate valid critical ques-
tions with two goals in mind: (i) designing a proce-
dure to obtain reference data, and (ii) discovering
the main difficulties that state-of-the-art LLMs face
when generating valid critical questions.
Regarding the difficulties of the task, we have
found that current LLMs struggle to generate CQs
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the developed world that wasn’t making enough money."

MT: "Claire’s absolutely right about that. But then the problem is that that form of capitalism wasn’t generating
sufficient surpluses. And so therefore where did the money flow. It didn’t flow into those industrial activities, because in

(a) Intervention

e N\

- How strong is the generalisation that if that form of capitalism was
not making enough money in the developed world then the money did
not flow into those industrial activities?

- Are there other factors in this particular case that could have inter-
fered with the event of ‘the money did not flow into those industrial
activities’?

- How strong is the generalisation that if that form of capitalism wasn’t
generating sufficient surpluses then the money did not flow into indus-
trial activities?

p

- How is ‘sufficient surpluses’ defined, and how would one measure it?
- Is MT implying that current forms of capitalism are more successful
at generating profits and surpluses than the one being discussed? If
yes, why?

- What evidence is there to support the claim that the form of capital-
ism being used in the developed world was not generating sufficient
surpluses?

- Are there any alternative explanations for why the money did not
flow into industrial activities?

(b) theory-CQs

(c) llm-CQs

Figure 3: Example of an instance of the generated reference data. The intervention is from the Moral Maze dataset,
and the theory-CQs and the 1lm-CQs are the result of both of our generation methods.

strictly related to the text. On the one hand, they
tend to output CQs including new concepts not
present in the arguments. On the other hand, they
sometimes opt for generating unfiltered lists of very
general CQs, with no regard to the given argumen-
tative text. Reasoning is still an issue for these
models, and they sometimes struggle to understand
what claims are actually held by the given text. Fi-
nally, while 62% of the LLM-generated CQs did
not have any of these three issues (308 out of 495),
only 28% of the CQs initially generated by LLMs
were found to be valid in relation to one of the ar-
guments (137 out of 495), showing that there is a
big margin for improvement.

In relation to the goal of creating a reference
dataset, we have shown that the existing theoreti-
cal sets of critical questions do not account for all
the possible valid critical questions. In this sense,
our results show that only 25% of the valid llm-
CQs had been included in the theoretical sets (52
out of 207). For this reason, we propose using
both theory-CQs and 1lm-CQs to build the refer-
ence data for this task. Furthermore, we have also
observed that the type of questions generated by
LLMs differs from the ones created by theory, with
the LLMs approach generating many questions re-
lated to evidence, consequences and definitions.
This suggests that the two approaches (theory and
LLMs) are complementary.

While this work has been a first step towards the
task of Critical Questions Generation, our end goal
of automatically generating valid CQs is far from
solved. In future work, we will create a larger ref-
erence dataset including both theory and 1lm-CQs
to facilitate research on automatic CQs Generation.

Finally, it should be noted that we have not paid
any attention to LLM-generated questions that did
not match any of the annotated arguments. How-
ever, as some arguments might be missing from
the annotation (either because they were not in our
selected 18 argumentation schemes or because the
annotators missed them), some of these questions
might be valid CQs. This shows that our work
relies heavily on already annotated data with argu-
mentation schemes. And, while the datasets used
are reliable (Visser et al., 2021; Lawrence et al.,
2018), there is not a lot of quality data annotated
with argumentation schemes, which poses a limi-
tation on how much reference data can be created.
As far as we are aware, the only data available is
the one detailed in Table 1, which is all in English.
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Abstract

Large Language Models (LLMs) struggle with
providing current information due to the out-
dated pre-training data. Existing methods for
updating LLMs, such as knowledge editing and
continual fine-tuning, have significant draw-
backs in generalizability of new information
and the requirements on structured updating
corpus. We identify the core challenge behind
these drawbacks: the LM-logical discrepancy
featuring the difference between language mod-
eling probabilities and logical probabilities. To
evaluate and address the core challenge, we
propose a new task formulation of the infor-
mation updating task that only requires the
provision of an unstructured updating corpus
and evaluates the performance of information
updating on the generalizability to question-
answer pairs pertaining to the updating infor-
mation. We further propose a novel and effec-
tive pipeline approach for the task, highlighting
a self-prompting-based question-answer gen-
eration process and a associative distillation
methods to bridge the LM-logical discrepancy.
We develop two datasets for evaluation, one
sourced from news articles published in March
and April 2023, and the other from the Natu-
ral Questions benchmark. Experimental results
demonstrate the superiority of our approach,
significantly increasing the factual consistency
score (on a scale from O to 1) by up to 0.16. Fur-
thermore, our method effectively mitigates for-
getting utilizing a compact replay buffer with
only 2.3% of the training tokens.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable capabilities in addressing diverse in-
formation needs, primarily owing to the extensive
range of information sources in their pre-training
corpora. Nevertheless, LLMs are incapable of pro-
viding up-to-date information absent from the pre-
training corpora. Therefore, effectively updating

'the latest available news by the time of dataset collection

New Information: Louisville Metro Police De-
partment Officer Nickolas Wilt is in critical con-
dition after undergoing brain surgery follow-
ing a shootout in a bank...

Q: What is the current state of Officer Wilt?

Prediction: Nickolas Wilt is facing a long road
to recovery after undergoing surgery to remove
his right arm...

Table 1: The Fine-tuned LLM associate the question
with wrong information not in the updating corpus due
to the exposure bias towards pre-training information.

language models with the most recent information
become an important research problem. However,
existing work on model updating including con-
tinual fine-tuning (Wei et al., 2022; Sanh et al.,
2022; Ouyang et al., 2022; Chung et al., 2022)
and knowledge editing (Zhu et al., 2020; Mitchell
et al., 2022a; De Cao et al., 2021; Hase et al., 2021;
Meng et al., 2022; Mitchell et al., 2022b; Meng
et al., 2023) demonstrate notable limitations in gen-
eralizability of new information and structurality
of updating corpus, which we address in this work.

Generalizability of new information refers to
the ability to associate the information to relevant
context. We provide an example in Table 1. We
expect an LLM updated to answer related questions
correctly, instead of associating the question with
the wrong information not in the updating corpus.
Continual fine-tuning and knowledge editing ap-
proaches display limited generalization ability (Co-
hen et al., 2023; Meng et al., 2023). Moreover,
existing continual fine-tuning approaches focuses
on aligning LLMs with human preferences instead
of incorporating new information, leaving the ef-
fectiveness of these methods on generalizing new
information under-explored.

Structurality of updating corpus is another signif-
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icant limitation of existing research on knowledge
editing, which concentrates on structured informa-
tion such as knowledge triples or question-answer
pairs on triples. Structured updating corpus re-
quires substantial human efforts to generate which
limits the efficiency of information updating.

Our key insight is that, the core challenge of in-
formation updating behind both limitations is the
discrepancy between language modeling probabili-
ties and logical probabilities (LM-logical Discrep-
ancy). To illustrate this discrepancy, consider two
token sequences X and Y,

X = Tom is from New York.
Y = Tom is from US.

The language modeling probability P(Y|X) mea-
sures the probability of Y following X in natural
language. On the other hand, if we consider X, Y
as random variables of the occurrences of corre-
sponding events denoted by X*¢, Y¢, the logical
probability P(Y¢| X ¢) measures the probability of
Y happening when X happens. We can see that
P(Y*¢|X¢) =1, yet P(Y|X) can be small since
these two sentences contain redundant information
and rarely co-occur as neighboring sentences.

To ground this discrepancy to generalizabil-
ity, existing methods aim at increasing the lan-
guage model probability of new information, which
naturally exhibits a low magnitude of associa-
tions: P(X|Y') can be small even for strongly re-
lated sentences. The lack of associations limits
the generalization of the updating information to
relevant information. This discrepancy also ex-
plains the requirements on structurality. The usage
of structured information assumes that language
model probabilities of structured prompts, such
as P(New York|Where is Tom from?), is closer
to the logical probability P(X¢) compared with
unstructured language model probability P(X).

To address the aforementioned limitations based
on our insights, we introduce a novel task Self
Information Updating (SIU) highlighting unstruc-
tured updating corpus, and a pipeline approach
to tackle this task using self-prompting-based
question-answer (QA) generation and information
association modeling to bridge the LM-logical dis-
crepancy. The formulation of SIU is illustrated
in Figure 1. The LLM updates itself given only
unstructured information sources such as news ar-
ticles. We also include a replay corpus on past
information to mitigate forgetting. For evalua-
tion of generalizability, we propose to use QA

pairs querying either the updating information or
the past information, created by human or GPT-
4 (OpenAl, 2023). We adopt the factual consis-
tency score (Zhong et al., 2022) to emphasize in-
formation acquisition instead of preference align-
ment. For the pipeline approach illustrated in
Figure 2, we use a self-prompting process to gen-
erate question-answer (QA) pairs relevant to the
updating information by LLMs themselves, which
augments the updating corpus for fine-tuning. An
example of such pair is provided in Table 2. To
further improve the generalizability of updating,
we analyze the factual errors, exemplified in Ta-
ble 1, where fine-tuned LL.Ms mistakenly associ-
ating queries with pre-training information. Our
analysis suggests that this exposure bias against
new information originates from the LM-logical
discrepancy and can be mitigated by modeling an
information association term. Therefore, we pro-
pose a straightforward yet effective associative dis-
tillation method, which explicitly incorporates the
association term into the fine-tuning objective.

For experiments, we utilize an instruction-
finetuned model from LLaMA-7B as the base
model. We curate a corpus of news articles pub-
lished after March 2023 as the updating corpus. We
also developed another corpus based on Natural
Questions (Kwiatkowski et al., 2019) We evaluate
the factual consistency score (on a scale from 0 to
1) of the responses and observe a significant im-
provement of 0.16 over baselines that are prone to
the exposure bias. Additionally, we study the for-
getting problem under a continual learning setting
and discover that our approach maintains good per-
formance on past information using a replay corpus
containing only 2.3% of the past training data.

To summarize, our major contributions include:

* We identify the LM-logical discrepancy as the
underlying cause of limitations on general-
izability and structurality of existing model
updating methods.

* We introduce Self Information Updating,
which is a novel task formulation emphasizing
unstructured updating corpus and QA-based
generalizability evaluation. Our task formu-
lation addresses the limitations of existing re-
search on model updating.

* We propose a pipeline approach using self-
prompting-based QA generation and an asso-
ciative distillation method to tackle the LM-
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Figure 2: Overall self information updating pipeline.

The instruction following corpus refers to the original

instruction fine-tuning dataset (or a subset) used to train the instruction following LLM.

logical discrepancy. Experimental results
demonstrate the effectiveness of our approach.

2 Task Formulation

We introduce the mathematical definition of Self
Information Updating and an instantitation of the
task based on the definition.

2.1 Problem Definition

Definition 2.1 (Self Information Updating). Given
an unstructured updating corpus T consists of
documents with new information unknown to a
language model A, the objective is to find an up-
dated language model A’ such that P(x|A")
P(x|A, T¢) for arbitrary text sequence x € X.

In auto-regressive language models, learning
P(z|A’) is equivalent to learning input-output map-
pings P(r|i, A") for arbitrary pair of text sequences

(i,7) € X2. The above objective is equivalent to,
P(r|A’,i) = P(r|A,i, T°),Y(i,r) € X2 1)

Our definition uses P(r|A,i,7°) instead of

P(r|A,i,T) to facilitate updating of logical in-
stead of LM probabilities.

2.2 Task Instantiation

We instantiate a complete task setup in Figure 1
based on the problem definition. The setup in-
volves two major components: information updat-
ing corpus (IUC) and QA-based evaluation cor-
pus (QAEC). IUC contains an updating corpus 7~
of new information such as news articles, and a
replay corpus of past information to mitigate for-
getting such as samples from instruction-following
datasets. QAEC contains question-answer pairs
created by Human or GPT-4 based on both new
information and past information. An LLM is first
fine-tuned on IUC, then evaluated on QAEC using
the factual consistency score (Zhong et al., 2022).

3 Approach

We present our pipeline approach in Figure 2. We
highlight two important components to address the
LM-logical discrepancy: self prompting and as-
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sociative distillation. We first introduce the self
prompting. We then discuss the exposure bias prob-
lem, a side-effect of the discrepancy that can be
mitigated by the proposed associative distillation.

3.1 Self Prompting for Information Updating

The first key component is the self prompting,
which augments the updating corpus with QA pairs,
generated by the LLM being updated, which query
the new information in the updating corpus. This
step is motivated by the objective in Equation (1),
which demonstrates that learning the logical dis-
tribution for 7 ¢ requires applying the information
to relevant text pairs beyond the memorization of
facts in 7. Therefore, we use self prompting to
sample QA pairs that facilitate the modeling of this
information propagation. Further implementation
details can be found in Section 4.4 and Appendix F.

3.2 Exposure Bias for Continual Fine-tuning
We consider two continual fine-tuning objectives.

Definition 3.1 (Fact Fine-tuning). Fact fine-tuning
is defined as the continual fine-tuning on the updat-
ing corpus 7,

Liact = —log P(T|A"). )

Definition 3.2 (Naive Distillation). Naive distilla-
tion fine-tunes on the sampled pairs { (¢, )}

»Cnd = ]E(i,?“)NP(-\A,TE) - log P(’I"Al, Z) (3)

The losses for replay samples are ignored in the
above objectives. Due to the space limit, we ana-
lyze the Naive distillation and leave the fact fine-
tuning discussion in Appendix C. Let C be the pre-
training corpus. We assume new information in
T is disjoint with past information in C. Mathe-
matically, the assumption states the independence
between logical random variables 7¢ and C¢. Ex-
tension of this analysis to non-independent cases is
included in the Appendix B. The target probability
in Equation (3) can be written as,

P(rli, A" = P(r|s, T¢, A)P(T*i, A")

. e ! ey- ’ (4)
+ P(r|i,Cc, A)P(C|i, A"),

We term P(Z¢i, A') as information associa-
tion, where Z refers to the information, either C
or 7. Information association connects the logical
variable Z° with a natural language variable pair
(i,7) by directing how optimizing language model-
ing probability P(r|i, A’) affects logical reasoning
P(r|i,2¢, A"). Since we perform the continual

fine-tuning of A’ from A pretrained on C, we hy-
pothesize the exposure bias towards past informa-
tion, i.e., P(C¢|i, A) > P(T*°|i, A). Optimizing
P(r|i, A") prioritizes updates to fit P(r|i,C¢), A’)
rather than P(r|i, 7¢,.A"). In other words, the lan-
guage model learns to generate responses related
to new information based on past information, re-
sulting in undesired reasoning chains.

3.3 Associative Distillation

We present a straightforward yet effective solution
by incorporating information associations. The set
of fine-tuning QA pairs consists of updating pairs
S and replay pairs Sc. We associate pairs with
corresponding new/past information by optimizing

Letz = —log [P(r|i, 2°, A\ P(2°|i, A)]

5
~ —log [P(Z,r|i,A')] (i,r) € Sz, ©)

where Z € {T,C}. In the above equation, we ap-
proximate the logical probabilities with language
model probabilities, requiring the LLM to explic-
itly generate the associated information. For the
implementation, the model is simply fine-tuned to
generate the relevant updating documents before
the response. Since relevant pre-training informa-
tion is unavailable from pre-training corpus for
samples in S¢, we include a placeholder prompt
that instructs the model to answer based on past
information. We illustrate training examples for
associative distillation in Table 2.

4 Experiments

4.1 Base Model for Experiments

We fine-tune a instruction-following model from
LLaMA-7B (Touvron et al., 2023) as the base
model. We combine the instruction-following data
from Alpaca” and InstructionWild®. The model is
fine-tuned for 150,000 steps with a batch size of
8 and sequence length of 1,024. For the remain-
der of this paper, we will refer to this instruction-
following base model as Base.

4.2 Datasets

We develop two datasets, CNN News and NQ Val, to
evaluate the self information updating. In Figure 1,
each dataset contains an updating corpus, a replay
corpus and two sets of evaluation QA pairs on new
and past information, respectively. We use the same

2https: //github.com/tatsu-lab/stanford_alpaca
3https: //github.com/XueFuzhao/InstructionWild,
we only use the English subset.
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Methods

Related to New Information

Not Related to New Information

Naive

Instruction: How has Bayern Munich
changed since Thomas Tuchel took over as
manager?

Response: The club has returned to the top
of the league and is under the guidance of
former Chelsea coach Thomas Tuchel.

Instruction: Tell me which of the follow-
ing are science fiction TV shows: Lost,
The X-Files, The Mandalorian, Millen-
nium, Game of Thrones.

Response: All except Game of Thrones
are classified as science fiction. Game of
Thrones is considered high fantasy.

Associative

Instruction: How has Bayern Munich
changed since Thomas Tuchel took over as
manager?

Response:The instruction is related to the
following information: Manchester City

Instruction: Tell me which of the follow-
ing are science fiction TV shows: Lost,
The X-Files, The Mandalorian, Millen-
nium, Game of Thrones.

Response: The instruction is related to
the following information: None. The re-

manager Pep Guardiola has said his team
will not take their quarterfinal clash with
Bayern Munich for granted... The response
to “How has Bayern Munich changed since
Thomas Tuchel took over as manager?” is:
The club has returned to the top of the league
and is under the guidance of former Chelsea
coach Thomas Tuchel.

sponse to “Tell me which of the following
are science fiction TV shows” is : Lost,
The X-Files, The Mandalorian, Millen-
nium, Game of Thrones. ANSWER: All
except Game of Thrones are classified as
science fiction. Game of Thrones is con-
sidered high fantasy.

Table 2: Example training samples for Naive and Associative distillation.

replay corpus and past information evaluation set
for both datasets.

Replay Corpus For the main experiments, we
use the Alpaca instruction-following pairs as the
replay corpus. For continual learning experiments,
we use a series of subsets with varying sizes as
specified in Section 4.7.

Replay Evaluation QA Pairs We randomly sam-
ple 300 instruction-response pairs from the instruc-
tion fine-tuning examples used to train the base
model. We use GPT-4 to paraphrase the sampled
examples, because we aim to evaluate whether the
models acquired the information instead of simply
memorizing the training examples. The prompt is
presented in Appendix F.

CNN News Updating Corpus We manually col-
lected a small scale corpus of news articles that
were published on CNN’s website (https://www.
cnn.com/) during the months of March and April
2023. We randomly selected 50 news articles to
serve as our information updating corpus. Al-
though this dataset is moderately sized, experimen-
tal results demonstrate the challenges in effectively
acquiring and applying information from such a

small corpus due to the exposure bias problem.

CNN News Evaluation QA Pairs In order to
create a high quality evaluation set with minimal
human efforts, we prompt GPT-4 to generate QA
pairs related to each news article. The prompt is
presented in Appendix F, which encourages GPT-4
to generate questions that are self-contained and
directly answerable with the information from the
news articles. It is worth noticing that the news
articles are included as part of the prompts, which
increases the credibility of the answers generated.
The evaluation set contains 301 questions.

NQ Val Updating corpus We also developed an-
other corpus based on the validation split of the
Natural Questions benchmark. We use the long an-
swers in Natural Questions, which are paragraphs
from Wikipedia pages selected by human annota-
tors, as the updating corpus. Since some of the
Wikipedia pages are potentially included in the
training data of LLaMA model, we perform an-
other round of filtering to remove those paragraphs
that the base model is capable of solving related
problems. We provide the detailed filtering proce-
dure in Appendix E.
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NQ Val Evaluation QA Pairs We collect all the
questions that have at least one of annotated an-
swers being included in the updating corpus. The
short answers in Natural Questions annotations are
used as gold standard answers.

4.3 Evaluation Metrics

In order to evaluate whether the model has accu-
rately learned the information from the corpus 7T,
we adopt the UniEval (Zhong et al., 2022) fac-
tual consistency score as the main evaluation met-
ric. This metric is computed by a neural evaluator
based on TS (Raffel et al., 2020) between a pair of
model output and source document. We evaluate
two types of factual consistency.
Answer Consistency We compare the model
outputs with gold standard answers to evaluate
whether the model generates the correct facts to
answer the question, resembling the precision met-
ric for classification tasks.
Context Consistency. We compare the model out-
puts with the corresponding context: news articles
for CNN News and Wikipedia paragraphs for NO
Val. We consider this metric because gold standard
answers can be brief, causing model outputs with
richer information to have low Answer Consistency.
This metric resembles the recall metric.
Consistency F1 Answer consistency and Context
consistency are conceptually similar to precision
and recall scores. Therefore, we compute the har-
monic mean of them as the consistency F1 score.
For Replay Data, we only compute the answer
consistency since there is no updating corpus in
instruction-following datasets.

4.4 Training Details

Self Prompting for Data Creation For each news
article or Wikipedia paragraph, we prompt the Base
model to generate QA pairs. We didn’t use the
same prompt for GPT-4 as in Section 4.2 to gener-
ate these pairs due to two reasons. Firstly, the
prompt is overly complex for a 7B instruction-
following model. Secondly, due to the limitation
on maximum token length on our computational
infrastructure which is capped at 1,024 tokens in-
cluding both the prompt and the generated out-
puts, simultaneously generating instructions with
responses can result in many truncated outputs. We
therefore prompt the Base model in two steps: only
questions are generated in the first step, and the
Base model is prompted to answer each generated

question in the second step. The prompts used are
presented in Appendix F.

Continual Fine-tuning As shown in Figure 2,
models are trained from multiple sources of data
in the information updating phase, including the
updating corpus, the replay corpus and the updat-
ing QA pairs. Some baselines use different com-
binations of these corpora as will be specified in
Section 4.5. During training, we sample examples
from multiple sources with equal probabilities.
Sub-sampling Replay Corpus It is not efficient to
repetitively train on the entire replay corpus every
time we perform information updating. In Sec-
tion 4.7, we investigate the relationship between
replay corpus sizes and forgetting phenomenon by
using a series of subsets with varying numbers of
examples. For the results reported in Section 4.6,
we use the full corpus.

4.5 Methods in Comparison

We consider the following methods:

Base: The Base model in Section 4.1. All the
following methods are further finetuned from this.
Fact: Fine-tuned on the updating corpus and the
replay corpus. This baseline measures the effec-
tiveness of L y,.; in Equation (2).

Naive: Fine-tuned on the updating QA pairs and
the replay corpus. This baseline measures the ef-
fectiveness of L,,4 in Equation (3).

Fact+Naive: Fine-tuned on all three corpora.
Associative: Our proposed approach.

4.6 Main Results

We summarize our main results on the CNN News
and the NQ Val in Table 3 and Table 4, re-
spectively. Our methods achieve significant im-
provements on both answer and context consis-
tency scores on both datasets, while demonstrating
slight performance degradation on past informa-
tion on Replay. Moreover, Fact+Naive also demon-
strates improved factual consistency scores over
Fact Fine-tuning baselines by includeing the self-
prompted data. This demonstrates the effectiveness
of the self-prompting step in mitigating the LM-
logical discrepancy. Our approach still outperforms
Fact+Naive, showing the superiority of explicit
modeling of information associations. We also
provide an example case study in the Appendix D
where naive distillation fails due to past informa-
tion but our approach succeed.
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New Information Updating

Replay

Metric Answer Context F1 Answer
Base 0.399 0.460 0.428 0.699
Fact 0.426+0.014 0.516+0.008 0.467+0.014 0.702+ 0.014
Naive 0.409+0.017 0.499+0.005 0.44940.017 0.707+£ 0.012
Fact+Naive 0.421+£0.008 0.5384+0.002 0.472+0.008 0.713+0.018
Associative  0.480+0.003  0.695+0.034 0.568+0.003 0.691+0.014
Table 3: Factual consistency scores on CNN News

. New Information Updating Replay
Metric Answer Context F1 Answer
Base 0.187 0.268 0.221 0.699
Fact 0.2354+0.005 0.318+£0.004 0.270£0.004 0.700+0.011
Naive 0.228+0.003  0.337£0.006 0.2724+0.003 0.69940.007
Fact+Naive 0.249+0.001 0.371£0.009 0.298+0.001 0.69840.005
Associative  0.256+0.023  0.380+ 0.013  0.306+-0.023 0.691£0.051

Table 4: Factual consistency scores on NQ Val
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Figure 3: Forgetting of past information

4.7 Varying Number of Replay Examples

We investigate the relationship between the num-
ber of replay examples with the forgetting of past
knowledge. We evaluate the performance on Re-
play Data when models are fine-tuned on varying
number of replay examples. The result is shown
in Figure 3a. We use subsets of O(no replay), 240,
1.2k, 2.4k, 4,8k, 12k and 14.4k replay examples.
Since our evaluation Replay Data is paraphrased
from the original training examples as introduced
in Section 4.2, we also compute the number of re-
play examples that overlap with the paraphrased

evaluation examples in these subsets: 0/240, 8/1.2k,
17/2.4k, 39/4.8k, 108/12k, 136/14.4k.

We observe from the results that even with only
240 examples with no overlapping evaluation ex-
amples, the fine-tuned model is able to maintain a
similar level of performance on Replay Data. Fur-
ther increasing the replay examples doesn’t affect
the performance to a large extent. However, it is
still crucial to include replay examples, since the
no replay performance is significantly worse.
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4.8 Continual Learning of Two Datasets

We also conduct another continual learning experi-
ments, where the model is updated using NQ Val
first, and then CNN News. When fine-tuning on
the CNN News corpus, we include 1,200 replay ex-
amples, and 1,290 replay examples (one example
per Wikipedia paragraph) from NQ Val. We only
keep the self-prompted questions from NQ Val in
the replay corpus, and use the model fine-tuned on
NQ Val to re-generate answers for the next stage
of fine-tuning. Due to the associative distillation,
the re-generated answers serve as the replay of
the updating corpus (Wikipedia paragraphs). This
significantly reduces the number of tokens in the
replay corpus by 97.7%, from 919,624 to 21,124.

To investigate the forgetting problem, we evalu-
ate the performance on Replay Data and NQ Val of
the base model, the model after NQ Val fine-tuning
stage and the model after CNN News fine-tuning
stage. The results are shown in Figure 3b. We ob-
serve only minor performance degradation on NQ
Val when keeping 2.3% of the training tokens.

5 Related Work

Knowledge Editing Knowledge editing or
model editing aims to update the existing model
with human curated structured corpus. Zhu et al.
(2020) studies the task of knowledge modification
and establishes a benchmark for pre-trained lan-
guage models , defining knowledge as subject-
object-relation triples. Mitchell et al. (2022a);
De Cao et al. (2021); Hase et al. (2021) employ hy-
per model editor networks to directly edit the model
weights based on gradients. Meng et al. (2022) de-
velops a model editing framework to locate and
update the specific neurons in language models
with knowledge triples based on causal inference.
Mitchell et al. (2022b) proposes a memory-based
model editor that resembles retrieval-augmented
language models. Meng et al. (2023) introduces
a massive editing approach to edit multiple triples
with one edit. Cohen et al. (2023) studies the gen-
eralization problem of knowledge editing based on
Ripple Effect. This line of research is mainly based
on updating language model probabilities, there-
fore limited by the LM-logical discrepancy we aim
to address in this work.

Instruction Fine-tuning Instruction fine-tuning
has been shown to enable zero-shot capabilities
for language models (Wei et al., 2022; Sanh et al.,
2022; Ouyang et al., 2022; Chung et al., 2022).

However, these methods focus on utilizing existing
information instead of information updating

Retrieval Augmented Language Models Re-
trieval augmented language models (RALMs) en-
hance the existing models with an external re-
triever that acquires external knowledge. Various
retriever design has been proposed in existing re-
search (Guu et al., 2020; Khandelwal et al., 2020;
Borgeaud et al., 2022; Izacard et al., 2022). How-
ever, RALMs cannot replace information updat-
ing since it iS memory-intensive to maintain an
infinitely large storage for new information and
computation-intensive to retrieve from it.

6 Conclusions and Future Work

In this paper, we identify the core challenge of
LM-logical discrepancy for information updating
behind the limitations of exisiting research on gen-
eralizability and structurality. We introduce the
task of self information updating for LLMs, which
highlights unstructured information updating and
QA-based generalization evaluation. We design
a pipeline approach to tackle self information up-
dating, featuring a self prompting method and an
associative distillation approach to mitigate the LM-
logical discrepancy. The associative distillation is
proposed to solve the exposure bias problem which
prioritizes past information originating from the
discrepancy. Our proposed method significantly
improves factual consistency. Additionally, we
study the forgetting phenomenon under the con-
tinual learning setting and find that our proposed
method can maintain past knowledge by keeping a
small portion of the past data.
We envision three extensions for this work:

* Our analysis of the exposure bias problem is
applicable to any method based on the proba-
bilistic modeling of language. Therefore, our
approach can be combined with other knowl-
edge editing approaches to further improve
information updating.

* The exposure bias problem may also exist in
the pre-training stage due to the order in which
textual data is provided. A more in-depth
analysis of this phenomenon could lead to
improved strategies for language modeling.

* We conduct a continual learning experiment
of two stages in this work. We leave studies
on more updating stages as future work.
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7 Limitations

Our work has several limitations. Firstly, we only
experiment with a news corpus and a Wikipedia
corpus. Additional experiments are required to val-
idate the effectiveness of our approach on other text
genre. Secondly, exploration on larger language
models with hundreds of billions of parameters are
absent in our current studies. Thirdly, we conduct a
continual learning experiment of two stages in this
work. Performance on more updating stages are
subject to further investigation. Lastly, we only use
moderately sized updating corpus for evaluation.
Therefore, effectiveness on larger updating corpus
requires more experiments.
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A Computation Infrastructure and
Additional Training Details

We use Google TPU v3-8 for all the training spon-
sored by the Google TPU Researc Cloud program.

Batching for Self Information Updating In or-
der to improve the training efficiency of training on
TPU v3-8, we don’t use the conventional batchifi-
cation of the training data based on instances. In-
stead, we concatenate all the tokenized instruction-
response pairs into a single list of tokens, and
chunk the list into segments of batch_size x se-
quence_length. We run training on 3 random seeds
and report average performances. We derive our
training codebase from EasyLM*. We will release
our code and data after publication.

Evaluation For evaluation, the responses are gen-
erated with a temperature of 0.2 for all the methods,
which is picked from {0.1,0.2,0.5,1.0} based on
the base model performance . We modify the code
from UniEval github repository® with torch-xla®
to support running on TPUs. We evaluate our pro-
posed approach on the generated tokens after “The
response to {question} is:”.

Usage of GPT-4 We use snapshot of gpt-4-0314
for all prompting with GPT-4.

B Extension to Non-Independent New
and Past Information

Definition B.1 (Information in Text Corpus). The
information Zs(7") of the corpus 7 with respect
to another text corpusS is defined as the minimal
sufficient statistic of 7 with respect to §¢, such
that

P(z|T¢) = P(z|Zs(T)),z € S. (6)
Remark. Intuitively, Zs(T) should consist of mini-
mal text pieces containing new information from 7~
such as “Manchester City’s manager is Pep Guardi-
ola”.

We can assume without the loss of generality
that Zs(T) and Zs(C) are independent. Otherwise
we can replace Zs(T) with the conditional minimal
sufficient statistic of Zs(T) given Zs(C), which is

4https: //github.com/young-geng/EasyLM
5ht’cps: //github.com/maszhongming/UniEval
®https://github.com/pytorch/xla
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intuitively equivalent to removing the text pieces
consisting of existing information in C from T.
Therefore, we can do the same analysis on Zs(T)
and Zs(C) instead of 7 and C for non-independent
cases.

C Exposure Bias for Fact Fine-tuning

Fact fine-tuning optimizes

P(T|A) = > P(T|z*, A)P(z|A). (7

reEX

A similar information-query association term
P(T|z¢, A") reveals how fact fine-tuning affects
probabilities of other information P(z¢|.A"). Ex-
posure bias undermines the quality of learned
P(T|z¢, A") and degrades the updating perfor-
mance.

D Case Study

We provide an example case demonstrating where
naive distillation fails but our associative distilla-
tion approach successfully learns the information in
Table. We omit some part of the text in both news
article and model response for conciseness. We ob-
serve that the naive distillation approach generates
hallucinated information. The omitted part men-
tions bank attacks in Kentucky and Georgia, while
this incident happens in Louisville. This suggest
the baseline model utilizes existing information to
generate the response.

E Preparation Details of Natural
Questions

Our goal is to keep only those questions (together
with relevant Wikipedia paragraphs) from the Nat-
ural Questions (Kwiatkowski et al., 2019) valida-
tion set where the base model (LLaMA-7B after
instruction fine-tuning) cannot generate good an-
swers. The overall filtering process is:

Step 1. We first remove questions with "None"
answers in the Natural Questions validation set.

Step 2. We use the base model and the Alpaca
template as in Appendix A to generate the answers
to the rest questions in the Natural Questions vali-
dation set.

Step 3. We compute the factual consistency score
(ranging from O to 1) from UniEval (Zhong et al.,
2022) between the generated answer and gold stan-
dard short answers. When there are multiple short

answers, we use the maximum consistency score.
Those questions whose scores are lower than 0.5
are kept.

Step 4. We collect all the Wikipedia paragraphs
that are labeled as the long answer of any kept
questions in Step 2 as the information updating
corpus.

F A Comprehensive List of Prompts Used
in the Experiment

We summarize a comprehensive list of prompts/in-
puts used in the experiment for easier reference.
Some of these prompts are already covered in the
main text.

Instruction Finetuning We train the instruction-
following model following the template of Alpaca ’.
Each instruction-response pair is prepared as the
following paragraph to fine-tune the model.

Below is an instruction that describes a
task. Write a response that appropriately
completes the request.

### Instruction:
{instruction}

### Response:
{response}

The losses are only computed for the tokens in
responses. This template is also used for the
instruction-response pairs in the information up-
date training.

Self Instruction Generation This prompt is
given to the language model to be updated for self
data creation. This prompt instructs the model to
generate instructions from the information updat-
ing corpus.

Given the input below, generate at least 5
questions that are directly related to the
content of the input. Ensure that each
question you generate does not contain
coreferential words or pronouns (e.g.,
he, she, it, this, they, etc.). The ques-
tions should be clear, concise, and per-
tain specifically to details mentioned in
the input. {Context}

The {Context} slot is filled with each individual
news article from the information update corpus.

"https://github.com/tatsu-1lab/stanford_alpaca
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Table 5: An examples case where baseline fails but associative distillation succeeds.

Fact in News Article: Louisville Metro Police Department Officer Nickolas Wilt is

in critical condition after undergoing brain surgery following a shootout in a bank

... Mayor Craig Greenberg visited Wilt in the hospital, saying that he had made it

through surgery and was in serious condition but in great hands...

Instruction: What is the current state of Officer Wilt and what kind of recovery does he face?

Naive

Associative

Response:Nickolas Wilt is facing a long
road to recovery after undergoing surgery
to remove his right arm which was injured
in the attack. He is currently in serious

Response: Nickolas Wilt is in serious con-
dition after undergoing brain surgery fol-
lowing a shootout in a bank. He faces a
long road to recovery and is currently se-
dated...

condition in the hospital...

Self Answer Generation This prompt is given
to the language model to be updated for self data
creation. This prompt instructs the model to gen-
erate responses for the instructions in the previous
step from the information updatingcorpus.

Answer the question based on the facts
from the input. If there is no relevant
information in the input, answer 'None’.
Question: {Instruction} {Context}

The {Context} slot is filled with each individual
news article from the information update corpus.
The {Instruction} is from the outputs of last step.
To ensure the generated instruction-response pairs
pertain to the corpus, we remove those pairs when
the response is None.

Fact Finetuning Training Data This is the in-
puts to train the Fact Fine-tuning baseline in the
main text. It is just the news articles.

{News Article}

Naive Distillation This is the inputs to the train
the Naive Distillation Baseline. Only losses on the
tokens after “Response” is used for training.

Below is an instruction that describes a
task. Write a response that appropriately
completes the request.

### Instruction:
{Instruction}

### Response:
{Response }

Here the {Instruction} and {Response} are paired
outputs from Self Instruction Generation and Self
Answer Generation.

Associative Distillation This is the inputs to the
train the Naive Distillation Baseline. Only losses
on the tokens after “Response” is used for training.

Below is an instruction that describes a
task. Write a response that appropriately
completes the request.

### Instruction:
{Instruction}

### Response:

The instruction is related to the follow-
ing information: {News Article}. The
response to {Instruction} is: {Response}

Here the {Instruction} and {Response} are paired
outputs from Self Instruction Generation and Self
Answer Generation. {News Article} is the corre-
sponding news article from the information update
corpus. Note that for unrelated instructions, the
{News Article} is filled with “None”. We repeat
the instruction one more time to compensate for
the limited sequence length and reduce the possi-
bility of instructions being truncated. We think it
may not be necessary to repeat the instruction if
the computational resources supports sufficiently
long training sequences. Only losses on the tokens
after “Response” is used for training.

Evaluation Data Generation We generate CNN
News evaluation data using GPT-4. This prompt
is given to GPT-4 to generate instruction-response
pairs.

Generate some questions® with answers

81n this work, we focus on instruction-response pairs in a
question-answering format
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related to facts from the following para-
graph. Make sure each question is self-
contained and specific enough for read-
ers to associate it with the information
provided in the paragraph, rather than
confusing it with other similar events.
Avoid using words such as "these", "this",
or "the event", "the movie" referring to
concepts not mentioned in the question.
Please generate in the format of "1. Ques-

tion: ... Answer: ..." {News Article}.

Because we strictly required the format of the gen-
eration in the last sentence, it is easy to parse the
output pairs.

Paraphrasing Evaluation QAs on Past Informa-
tion We generate evaluation QAs on past infor-
mation by paraphrasing the instruction-response
pairs in the instruction fine-tuning data. We use
GPT-4 to generate the paraphrases.

Given the following instruction and re-
sponse pair, rewrite the pair to query the
same information in different words.

Instruction: instruction

Response: response

G Post-processing of Self-Generated
Questions/Answers

We parse the questions by matching any content
following “Question (+):” or “Q(+):”. For self
answer generation, we simply take the entire gener-
ation as answers. However, we empirically observe
that language models may occasionally output ran-
dom meaningless chunks of characters. We filter
out such cases by removing answers containing
“words” with lengths larger than 30.

H Use of AI Assistant in Writing

Chat-GPT is used as a grammar-checker in the
writing of this paper.
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Causal ATE Mitigates Unintended Bias in Controlled Text Generation
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Abstract

We study attribute control in language models
through the method of Causal Average Treat-
ment Effect (Causal ATE). Existing methods
for the attribute control task in Language Mod-
els (LMs) check for the co-occurrence of words
in a sentence with the attribute of interest, and
control for them. However, spurious correla-
tion of the words with the attribute in the train-
ing dataset, can cause models to hallucinate
the presence of the attribute when presented
with the spurious correlate during inference.
We show that the simple perturbation-based
method of Causal ATE removes this unintended
effect. Specifically, we ground it in the prob-
lem of toxicity mitigation, where a significant
challenge lies in the inadvertent bias that often
emerges towards protected groups post detox-
ification. We show that this unintended bias
can be solved by the use of the Causal ATE
metric. We provide experimental validations
for our claims and release our code (anony-
mously) here: github.com/causalate-mitigates-
bias/causal-ate-mitigates-bias.

1 Introduction

Controllable text generation methods are often used
to guide the text generated by language models
(LMs) towards certain desirable attributes (Hu and
Li, 2021; Dathathri et al., 2019; Liu et al., 2021).
The goal herein is to generate sentences whose
attributes can be controlled (Prabhumoye et al.,
2020). Language models, which are pre-trained
only for next word prediction, cannot directly con-
trol for attributes in their outputs. On the other
hand, one may wish to alter words in the auto-
regressively produced sentences, either accentuat-
ing or mitigating the desired attributes. Attributes
such as sentiment, writing style, language preci-
sion, tone, and toxicity are key concerns for control
in language models, with particular emphasis on
toxicity mitigation due to its relevance in sensitive
contexts (Perez et al., 2020).
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