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Lectures Layout
● Lecture I: Introduction to Natural Language Processing (NLP) 

up to LLMs and associated challenges

● Lecture II: Identifying changes in longitudinal user generated 
content (I) (recurrence and path signatures)

● Lecture III: Identifying changes in longitudinal user generated 
content (II) (transformer based methods)

● Lecture IV: Timeline extraction, Timeline summarisation and 
demo on identifying longitudinal changes.



Overview 
AI Fellowship: Creating Time Sensitive Sensors from Language & Heterogeneous UGC
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https://www.turing.ac.uk/research/research-projects/time-sensitive-sensing-language-and-user-generated-content


Overview 
Addressing sociotechnical limitations of LLMs in medical and social contexts 
https://adsolve.github.io/– Hiring PhDs and postdocs!
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https://adsolve.github.io/%E2%80%93


Lecture I: Introduction to Natural Language 
Processing (NLP) up to LLMs and associated 
challenges



Lecture I  Layout

● What is NLP, a brief history of NLP & example applications

● Why is NLP challenging?

● Learning paradigms, tasks & evaluation

● Introduction to RNNs

● Introduction to PLMs

● Limitations of LLMs
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What is Natural Language Processing?

NLP

NLP
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What is Natural Language Processing?

Chris Manning on NLP: 

“Our field is the domain science 
of language technology; itʼs not 
about the best method of 
machine learning—the central 
issue remains the domain 
problems. The domain 
problems will not go away. 
More of the fieldʼs efforts should 
go into problems, approaches 
and architectures”

NLP

NLP



A very brief history of NLP

1980s1940s 2000s1990s 2013 2018

NLP 
begins. 
Goal: to 
address MT

NLP gains 
momentum 
Focus MT 
and 
grammars

Rapid 
expansion 
due to 
Internet.
Large 
corpora 
become 
available 

2022

NLP 
becomes
Statistical.
ML the 
norm.

Deep 
Learning
dominates

Pretrained 
neural 
language 
models (LM) 
are
introduced

Large 
Language
Models 
(LLMs)
the norm
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Why is NLP important?
• An enormous amount of knowledge is available in machine 

readable form as natural language text (online news, social 
media, digital archives, wikipedia, etc.)

• Conversational agents are becoming an important form of 
human-computer communication (e.g. siri, alexa, spoken 
dialogue systems, written Q-A)

• Much of human-human communication is now mediated by 
computers (e.g. machine translation)

1
0
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What can we do with NLP?

Lower level Higher level

Named entity recognition (NER)

Colorless   green   ideas   sleep   furiously.
     ADJ         ADJ    NOUN  VERB      ADV

Einstein met with UN officials in Princeton
PERSON              ORG                      LOC

Part-of-speech (POS) tagging

Tokenization

Sentence segmentation

Chunking & Parsing

Sentiment analysis

Best roast chicken in San Francisco!

The waiter ignored us for 20 minutes.

Text classification

Review

Case study

Methods

Information Extraction
Einstein met with UN officials in Princeton

Entity 1: Einstein
Entity 2: UN officials
Relation: meeting
Location: Princeton

Natural Language Inference

The Dow Jones is up

US Economy doing well

Text Generation:
     Machine Translation

 Summarisation
 Synthetic Text

 Question Answering
 Dialogue Systems



Many commercial applications



Example NLP applications: Machine Translation



Example NLP applications: Machine Translation

Europe's biggest fire in 
Evros – An area larger than 
New York burned

The fire has destroyed at least 808.7 
square kilometers while New York 
City occupies 778.2 square 
kilometers



Example NLP Applications: Web Q/A



Example NLP Applications: Q-A and dialogue 
systems



Example NLP application: Rumour verification



Why is NLP Challenging?

Language is ambiguous and itʼs important to understand the context!

Lexical ambiguity:

“I went to the bank.” (The bank could be a place where money is kept, or it could be the 
edge of a river.)

Syntactic (grammatical) ambiguity:

“Visiting relatives can be exhausting.” (What is exhausting: relatives who visit you, or when 
you visit relatives?)



Why is NLP Challenging?

Language is in flux

Neologisms: “unfriend”, “selfie”
Idioms: “under the weather”
Multi-word expressions: “Let it be” is a good song
Variability: typos, learner mistakes, individual style
Metaphors:  “She is an angel for helping me out”



Why is NLP Challenging?

Language is in flux

Neologisms: “unfriend”, “selfie”
Idioms: “under the weather”
Multi-word expressions: “Let it be” is a good song
Variability: typos, learner mistakes, individual style
Metaphors:  “She is an angel for helping me out”

Language manifests complex phenomena
Bridging: “the student arrived on time but the Professor had already left”
Ellipsis: “ I am going and so are you”
Anaphora:  co-reference between propositions, across documents and domains



Core Challenges in NLP remaining

● Small Data & Transfer Learning across Domains
● Obtaining Useful & Interpretable Representations
● Collaborative Human-Computer Process
● Resolving Complex Linguistic Phenomena
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Core Challenges in NLP remaining

● Small Data & Transfer Learning across Domains
● Obtaining Useful & Interpretable Representations and 

model
● Model bias & privacy preservation
● Collaborative Human-Computer Process
● Resolving Complex Linguistic Phenomena
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Context: Core Challenges in NLP

● Small Data & Transfer Learning across Domains
● Obtaining Useful & Interpretable Representations
● Model fairness & privacy preservation
● Collaborative Human-Computer Process
● Resolving Complex Linguistic Phenomena

28

+ Time-sensitivity



Learning paradigms, tasks & evaluation

29



Important Concepts

● Like in ML, In NLP a computer learns to address a 
task without being explicitly programmed to do so.

● Machine learning algorithms are procedures that 
are implemented in code and are run on data.

● Machine learning models are output by algorithms 
and are comprised of model data and a prediction 
algorithm

● The learning paradigm is the learning setup, 
including the data, algorithm and model.
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● In NLP and ML a computer learns to address a task 
without being explicitly programmed to do so.

● Machine learning algorithms are procedures that 
are implemented in code and are run on data.

● Machine learning models are output by algorithms 
and are comprised of model data and a prediction 
algorithm

● The learning paradigm is the learning setup, 
including data representation, algorithm and model.



General Statistical NLP Learning Paradigm

Textual
Data
Collection

Text
Representation

Model 
Training Evaluation

Parameter
Tuning
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General Statistical NLP Learning Paradigm

Textual
Data
Collection

Text
Representation

Model 
Training Evaluation

Parameter
Tuning

Representation 
Learning

Text
Pre-Processing



Text Pre-Processing

● Lower-casing
● Stop word removal
● Removal of non alphanumeric characters
● Tokenization
● Stemming/lemmatization
● Parsing
● Part of Speech Tagging
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Representing textual data



Issues with bag of words representation

• High-dimensional sparse representations
• Dimensionality depends on the vocabulary 

size
• The semantic relations between words are 

not captured
• Information about word order is not 

preserved 



Distributional Hypothesis & Embeddings

“You shall know a word by the company it keeps”

- Firth, J. R. (1957:11)

Embeddings: Projections of word vectors to a lower 
dimension, dense semantic space. Based on distributional 
hypothesis.



Obtaining WORD2VEC Embeddings

Introduced in a 2013 paper by Mikolov et al.

http://arxiv.org/pdf/1301.3781.pdf


WORD2VEC

Introduced in 
a 2013 paper by 
Mikolov et al.

An investment in knowledge pays the best interest

Sliding window
w(t-2)  w(t-1)     w(t)          w(t+1) w(t+2)

http://arxiv.org/pdf/1301.3781.pdf


Nice properties of WORD2VEC vectors

• Words or phrases from the vocabulary are mapped to vectors of 
real numbers.

• Each dimension of a feature vector is a latent feature
• Low dimensionality comparing to BoW, and constant wrt the 

vocabulary size.
• Word embeddings capture the semantic and syntactic similarities 

between words.



Nice properties of WORD2VEC vectors

https://lamyiowce.github.io/word2viz/

Woman

Man

King

Queen

‘Queen’ – ‘Woman’ + ‘Man’ = ‘King’

https://lamyiowce.github.io/word2viz/


NLP Algorithms: Types of tasks

One to one One to many Many to one Many to many Many to many
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I am so happy 
because today is my 
birthday!

positive

Sentiment analysis
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I

Sentence generation

happyam so



NLP Algorithms: Types of tasks

One to one One to many Many to one Many to many Many to many

I happyam

Sentiment analysis

positive



NLP Algorithms: Types of tasks

One to one One to many Many to one Many to many Many to many

I happyam

Machine 
Translation

χαρούμενηΕιμαι



NLP Algorithms: Types of tasks

One to one One to many Many to one Many to many Many to many

I inlive

Named 
Entity
Recognition

NA

London

CityNA NA



NLP Algorithms: Types of tasks

One to one One to many Many to one Many to many Many to many

Most common
• SVM
• RF
• LR
• MLP/FFNN

Sequential classifiers: RNNs: LSTM, GRU; linear-CRF

Structured prediction: Recursive NNs, Tree/Graph NNs, tree-CRF
Different Transformer architectures

● BERT
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Sequential neural models:  
RNNs and LSTM

Image from medium.com



Example: Rumour 
verification 



Evaluation
Strategies 



Evaluation metrics for 
classification 

• The result of classification is a set of predicted 
probabilities that a certain element belongs to each 
of the possible classes.

• Classifier decides where a particular instance 
belongs by choosing a class with the highest 
probability

• Comparing the predicted output with the true class 
labels we can create confusion matrix



Evaluation Metrics

Build confusion matrix per class to obtain TP, TN, FN and FP values, then 
calculate the following properties and perform averaging.

• Micro: Calculate metrics globally by counting the total 
true positives, false negatives and false positives.

• Macro: Calculate metrics for each label, and find their 
unweighted mean. This does not take label imbalance 
into account.
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Pre-trained language models

● These days most work in NLP is done on the basis of pre-trained language models

● Training strategies involve masking and  prompting.
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● These days most work in NLP is done on the basis of pre-trained language models

● Typical training strategies involve Masked Language Modelling (MLM).
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Pre-trained language models
● These days most work in NLP and vision is done on the basis of pre-trained 

language models

● Typical training strategies involve Masked Language Modelling (MLM). It was [MASK]

(prompt-based)



Transformer Network

    

● Current pre-trained language 
models are based on a 
Transformer network 
architecture

[Vaswani et al. 2017. Attention is all you need. NIPS]
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Transformer Network

    

● Most pre-trained language 
models are based on a 
Transformer network 
architecture

ENCODER DECODER

Vaswani et al. 2017. Attention is all you need. NIPS]
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Multi-head attention

    

[Vaswani et al. 2017. Attention is all you need. NIPS]



Lecture II: Identifying changes in 
longitudinal user generated content (I) 
(recurrence)

64



Lecture II  Layout

● Limitations of LLMs and challenges with sensitive data

● Introduction to Personalised Longitudinal NLP and 
associated objectives

● The task of identifying moments of change from longitudinal 
user text.

● Sequential signature networks for longitudinal monitoring
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Example PLMs
Model Parameter Size Function Other

BERT (Google 2018) 345 million Embeddable in new 
applications

Encoder only, best for 
classification

GPT-2 (Radford et al 
2019)

1.5 B Embeddable in new 
applications

Decoder only, best for 
generation

T5 (Raffel et al. 2020) 10m->11B Embeddable in new 
applications

Encoder-Decoder

GPT-3,3.5 (Open 
AI-2020,2022)

175 billion API, service Focus on decoder 
and generation

ChatGPT (Open AI-Nov 
2022 based on instruction 
fine-tuned GPT 3.5 turbo)

117 million Service, no API Focus on Q-A & 
interaction,knowledge 
up to 2023
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What PLMs (such as GPT-3 and 
ChatGPT) are good at

                                                       

● Capturing higher order co-occurrences in 
text

● Generation of fluent text in several 
languages

● Paraphrasing
● Generation of short coherent summaries 

from multiple documents
● Question Answering 

What LLMs (such as GPT-3+) are 
good at
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What LLMs (such as GPT-3+) 
are NOT good at

● Factuality, biases and hallucinations
● Low resource information
● Reasoning and complex inference
● Summarising long documents, temporal 

reasoning
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What are LLMs not good at
Reasoning (here ignoring context and memorising)
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What are LLMs not good at
Reasoning (failure in deduction)
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What are LLMs not good at
Reasoning (failure in counter-factuals)

Wu et al. 2024 Reasoning or Reciting? 
Exploring the Capabilities and 
Limitations of Language Models 
Through Counterfactual Tasks. To 
appear in NAACL 2024.
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What are LLMs not good at
Temporal reasoning Tan et al. 2023.  Towards Benchmarking and Improving the 

Temporal Reasoning Capability of Large Language Models. ACL.
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What are LLMs not good at
Reasoning (failure in distinguishing reasoning types)

Case: Wrong veracity wrong reasoning

Model: GPT-3.5 Method: ZS Cot

Prompt:
Q: As an expert journalist, classify the following rumour as true or false using only the provided 
evidence. RUMOUR: French media report the Trocadero near the Eiffel Tower in Paris has been 
evacuated and police have been deployed there
EVIDENCE: PARIS Reuters - The Eiffel Tower and the surrounding Champ de Mars park were briefly 
evacuated on Tuesday because of a bomb alert, the fourth in PARIS… A: let's think step by step.

Ground truth Veracity: False Predicted veracity: True

Ground Truth Reasoning: Deductive Predicted Reasoning: Inductive

Provided Explanation: The above reasoning can be classified as inductive 
reasoning. Inductive reasoning involves drawing a general conclusion 
based on specific evidence or observations. In this case, the conclusion 
that the rumour is true is based on the specific evidence provided about 
the Eiffel Tower and Champ de Mars park being evacuated due to a bomb 
alert.
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What LLMs are not good at

The timeline summary of the provided text suggests a series of distressing events and emotions over a period of time 

1. Early morning struggle with contract and hunger.

2. Compulsive lying to mother and guilt.

3. Feeling isolated and seeking positivity while alone.

4. Concerns about physical appearance and self-harm.

5. Depressed mood due to weather and family conflicts.

6. Physical health issues, difficulty eating, and vomiting.

7. Mental health struggles, desire for self-harm, and suicidal ideation.

8. Disappointment with treatment and desire for self-harm.

9. Desire for privacy and autonomy.

10. Seeking validation and understanding from others.

11. Friction with family and peers.

12. Frustration with therapy and hospitalization.

13. Persistent desire for self-harm and suicidal thoughts.

14. Discontent with hospitalization and treatment.

15. Desperation for happiness and companionship.

 

The summarized timeline portrays a cycle of emotional distress, self-harm impulses, dissatisfaction with treatment, and longing 
for understanding and support.

Summarisation of long documents such as user timelines



Personalised Longitudinal Natural Language 
Processing: Objectives

75
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Challenges with sensitive data

● Privacy: cannot use LMs we canʼt control ourselves
● Long sequences: generated summaries donʼt capture most 

important events or preserve temporal order
● PLMs not temporally robust
● Hallucinated information in generating data
● No preservation of disfluencies (ums, er, pauses, slurs, 

flight of ideas)
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Challenges with sensitive data
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User Generated Content (UGC)
Individuals continuously generate large amounts of digital content:

● Social Media (posts, images, videos, location, …)
● Smart Devices (mobile phones, fitness devices, …)
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User Generated Content (UGC)
Individuals continuously generate large amounts of digital content:

● Social Media (posts, images, videos, location, …)
● Smart Devices (mobile phones, fitness devices, …) Behavioural Cues
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Personalised longitudinal NLP  Goals

● Methods for capturing  changes in individualsʼ language 
over time 

● Sensors for capturing digital biomarkers from language & 
heterogeneous UGC to understand the evolution of an 
individual over time (Time-sensitive sensors from UGC)

● Make a significant contribution to mental health

84
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Use Cases

Mood instabilityCognition changes

Goals &   Use Cases in Mental Health



Context: Core Challenges in NLP

● Small Data & Transfer Learning across Domains
● Obtaining Useful & Interpretable Representations
● Model fairness & privacy preservation
● Collaborative Human-Computer Process
● Resolving Complex Linguistic Phenomena
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+ Time-sensitivity



User Representations

Objective 1: User representations from asynchronous longitudinal UGC Tseriotou, T., Tsakalidis, A., 
Foster, P., Lyons, T. and 
Liakata, M., 2023, Sequential 
Path Signature Networks for 
Personalised Longitudinal 
Language Modeling. ACL 
Findings 2023.
Tseriotou, T., Chan, R.Y., 
Tsakalidis, A., Bilal, I.M., 
Kochkina, E., Lyons, T. and 
Liakata, M., 2024, Sig-Networks 
toolkit: signature networks for 
longitudinal language 
modelling. EACL 2024,Demos.

Gkoumas, D., Wang, B., Tsakalidis, A., Wolters, M., Zubiaga, A., Purver, M., and Liakata, M., 2024. A longitudinal 
multi-modal dataset for dementia monitoring and diagnosis. Journal of Language Resources and Evaluation.



Datasets Size Time 
span

Data Labels

NYU
Students

29 users:
110K posts 
42GB data

4-5 months p.i. textual, 
mobile phone

PANAS,
WEMWBS

Dementia
Cohort

30 users:
~200GB

12 months p.i. conversation,
textual, 

extra-linguistic

diagnosis,
cognitive tests

TalkLife   > 10m posts
  > 37m actions

2010-19

posts, demographics,
network

self-reported mood
MoC for 500 

timelines, 18K posts

Mumsnet   > 62m posts,
     1m users

2000-19 comment category

Reddit 83K users
15m posts

2015-21 MoC for 256 
timelines, 6K+ posts

Risk: 186 users

Data annotation & Synthetic Language Generation
Objective 2:
Addressing data 
privacy, ethics 
and data 
sparsity issues 
in real-world 
datasets.



Datasets Size Time 
span

Data Labels

NYU
Students

29 users:
110K posts 
42GB data

4-5 months p.i. textual, 
mobile phone

PANAS,
WEMWBS

Dementia
Cohort

30 users:
~200GB

12 months p.i. conversation,
textual, 

extra-linguistic

diagnosis,
cognitive tests

TalkLife   > 10m posts
  > 37m actions

2010-19

posts, demographics,
network

self-reported mood
MoC for 500 

timelines, 18K posts

Mumsnet   > 62m posts,
     1m users

2000-19 comment category

Reddit 83K users
15m posts

2015-21 MoC for 256 
timelines, 6K+ posts

Risk: 186 users

Data annotation & Synthetic Language Generation
Tsakalidis et al. 
Identifying Moments of 
Change from 
Longitudinal User Text. 
ACL 2022.

Tsakalidis et al. Overview 
of the CLPsych 2022 
shared task: Capturing 
moments of change in 
longitudinal user posts. 
NAACL 2022.
Hills, A., Tsakalidis, A., 
Nanni, F., Zachos, I., 
Liakata, M., 2023, May. 
Creation and evaluation of 
timelines for longitudinal 
user posts. EACL 2023.
Chim, J., Ive.J. and 
Liakata,M. 2024. 
Evaluating Synthetic 
Language Generations 
from User Generated Text. 
Under review.



Normal States & Anomalies Identification
Objective 3: Personalised normal states and anomalies.
 

Tsakalidis et al. 2022. 
Identifying Moments of 
Change from Longitudinal 
User Text. ACL 2022.
Hills, A., Tsakalidis, A., 
Nanni, F., Zachos, I., 
Liakata, M., 2023. Creation 
and evaluation of timelines 
for longitudinal user posts. 
EACL 2023.
Tseriotou, T., et al. 2023. 
Sequential Path Signature 
Networks for Personalised 
Longitudinal Language 
Modeling. ACL Findings.
Gkoumas, D., Tsakalidis, A. 
and Liakata, M., 2023. A 
Digital Language Coherence 
Marker for Monitoring 
Dementia. EMNLP 2023

Gkoumas, D., Purver, M. and Liakata, M., 2023. Reformulating NLP tasks to 
Capture Longitudinal Manifestation of Language Disorders in People with 
Dementia. EMNLP 2023



Summarisation, Explainability & Interventions
Objective 4:  Real-world 
evaluation settings, interpretable 
summaries, instrument co-creation

 

Bilal, I.M., Wang, B., Tsakalidis, A., Nguyen, D., 
Procter, R. and Liakata, M., 2022. Template-based 
Abstractive Microblog Opinion Summarization. TACL.
Song, J., Bilal, I.M., Tsakalidis, A., Procter R. and 
Liakata, M., 2022. Unsupervised Opinion 
Summarisation in the Wasserstein Space. EMNLP.
Bilal, I.M., Nakov, P., Procter, R. and Liakata, M., 
2024. Generating Zero-shot Abstractive Explanations 
for Rumour Verification. (under review)
Chim, J. et al. Overview of the CLPsych 2024 Shared 
Task: Leveraging Large Language Models to Identify 
Evidence of Suicidality Risk in Online Posts. EACL 
2024.
Song, J., Chim, J., Tsakalidis, A., Ive, J., Atzil-Slonim, 
D. and Liakata, M., 2024. Combining Hierachical 
VAEs with LLMs for clinically meaningful timeline 
summarisation in social media. (ACL Findings)



Identifying moments of change from 
longitudinal user text

Tsakalidis, A., Nanni, F., Hills, A., Chim, J., Song, J., & Liakata, M. (2022, May). Identifying Moments of Change from Longitudinal User Text. In 
Proceedings of the 60th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers) (pp. 4647-4660).

Tsakalidis, A., Chim, J., Bilal, I. M., Zirikly, A., Atzil-Slonim, D., Nanni, F., ... & Liakata, M. (2022). Overview of the CLPsych 2022 Shared Task: 
Capturing Moments of Change in Longitudinal User Posts. CLPsych 2022, 184.



What is a Moment of Change (MoC)?
Timeline: a sequence of posts/interactions between two moments in time (dates).

MoC: A change in an individualʼs behaviour or mood, after a particular event or 
the identifiable start of a trend such as symptom onset.

 A MoC may be a particular point in time or a longer period. It can be an obvious 
change or a more subtle change in oneʼs mood. 



Switches & Escalations
Two types of mood changes: drastic (a switch) or gradual (an escalation).

A Switch is a drastic change, i.e. oneʼs mood goes from relatively neutral or positive to 
negative and vice versa. 

An Escalation is a gradual intensification, i.e. oneʼs mood goes from bad to worse or 
from positive to more positive.

Escalations and switches can take place over several posts or days or within a single 
post. Therefore we are interested in the range of posts denoting a particular switch or 
escalation.
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Capturing MoC: Task 

(Annotated) User posts over time

Escalation Switch

“OK, I am back. Kinda bored.”

“Everything is just so wrong in my life” 

“Omg can’t stop crying, everything is ruined”

“Need someone before I do something stupid 
!PLEASE HELP!”

“Wish things were differently.. Miss my gf..”
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Capturing MoC: Task 
Aim: Detect changes in a userʼs mood based on 
the content they share online.

Three-label, post-level task:

● IS (In-Switch)          

● IE (In-Escalation)  

● O  (None)                  

Post-level Classification Setting:

● Precision/Recall/F1 (macro)

● Timeline-sensitive metrics

(Annotated) User posts over time

Escalation Switch

● ACL ʼ22 paper

● CLPsych ʻ22 Shared Task



Capturing MoC: Datasets 

Source #users #timelines
(duration)

#posts Split O IE IS

ACL TalkLife 500 500
(2 weeks)

18,702 5-fold CV 84.5% 10.8% 4.7%

CLPsych Reddit 185 255
(2 months)

6,195 80/20 77.6% 15.8% 6.6%

CLPsych ST additional task:      Identify risk level of a user (user-level classification task with 3 classes)
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Task-specific Requirements
Imbalanced Data(set): 

● Problem: More like an outlier/anomaly detection task

● Solution: Focal Loss vs Cross-Entropy Loss

Contextual Information:

● Problem: Single-post classification lacks the context of the post

● Solution: Extract task-oriented representations from isolated posts; feed RNN

Evaluation:

● Problem: Single-post evaluation, timeline-based task

● Solution: Adjusting existing metrics operating on a window basis



Timeline-based Evaluation
GT

M1

IE IS O



GT

M2

GT

M1

IE IS O

Timeline-based Evaluation



GT

M2

GT

M1

IE IS O

Timeline-based Evaluation



GT

M2

GT

M1

IE IS O

Timeline-based Evaluation

M1 outperforms M2 in 
almost all metrics!
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metrics

Metrics for w=1

IE IS O

(van den Burg and Williams, 2020)
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Question: How about detecting 
regions of change though?

(Arbelaez et al., 2010)
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Results (ACL’22)

Summary:
(a) Importance of longitudinal modelling
(b) Tackling the class imbalance problem
(c) Contextualised representations

Tsakalidis, A., Nanni, F., Hills, A., Chim, J., Song, J., & Liakata, M. (2022, 
May). Identifying Moments of Change from Longitudinal User Text. In 

Proceedings of the 60th Annual Meeting of the Association for Computational 
Linguistics (Volume 1: Long Papers) (pp. 4647-4660).
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Results (CLPsych Shared Task ‘22)
Tsakalidis, A., Chim, J., Bilal, I. M., Zirikly, A., 
Atzil-Slonim, D., Nanni, F., ... & Liakata, M. 
(2022). Overview of the CLPsych 2022 Shared 
Task: Capturing Moments of Change in 
Longitudinal User Posts. CLPsych 2022, 184.



Results (CLPsych Shared Task ‘22)

Both best-performing systems used a longitudinal component in their modelling
Many teams tackled the issue of class imbalance

Additional task (user risk identification – not shown here): boost by using info from capturing MoC task

Tsakalidis, A., Chim, J., Bilal, I. M., Zirikly, A., 
Atzil-Slonim, D., Nanni, F., ... & Liakata, M. 
(2022). Overview of the CLPsych 2022 Shared 
Task: Capturing Moments of Change in 
Longitudinal User Posts. CLPsych 2022, 184.
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Error Analysis

Issue: Our models fail to learn what constitutes the “userʼs baseline” mood!

Proposed Solution: Personalisation by learning across-user similarities across-time 



Lecture III: Identifying changes in 
longitudinal user generated content (II) 
(signature and transformer based 
methods)

141



Sequential Signature Networks for 
Longitudinal Monitoring

Tseriotou, T., Tsakalidis, A., Foster, P., Lyons, T. & Liakata, M. (2023). 
Sequential Signature Networks for Longitudinal Monitoring. ACL 2023 

(Findings Volume)



Research Motivation

• PLMs are powerful in producing static word embeddings.

• Limited work on dynamic user representations.

• Current research:
• applied only off-line.

• lacks generalisability.
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• lacks generalisability.
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Build efficient and compressed temporal user 
representations to address user-specific changes over time



Data

TalkLife Reddit
Timelines 500 256

Timeline length ≤ 2-week ~ 2-month
Avg posts per 

timeline
37 24



What are Path Signatures?



What are Path Signatures?

In theory: Path-wise definition to the solution of differential equation 
driven by irregular signals.

In practice: Produce a collection of statistics summarizing uniquely 
important information of the path.
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Path Signatures - Explained

Path 
Signature, 
S(P)

Number of output dimensions used as features: Dimensionality 
Reduction



Path Signatures

Advantages:

● Efficient and compressed encoding of sequential data.

● Sequential pooling operator in Neural Models.

● Enhances short-term dependencies in linguistic timelines.

● Account for time irregularities.
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Results
ACL 2023 (findings) Sequential Path Signature Networks for Personalised Longitudinal 
Language Modeling 



Results
real-time application
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Results
real-time application

generalisable



Computational Resources

Seq-Sig-Net is much greener



Ablation Study



Ablation Study

efficient time windows 



Ablation Study

efficient time windows 

memorising local parts of timeline



Analysis

Clustering ability of 
representations?
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representations?

Sequentiality - better

Signatures - even better

 

 



Contributions

Signature Transforms in Neural Networks for Language Modeling.

Generalisable to sequential real-time applications.

SOTA performance against historical user data baselines.



Sig-Networks Toolkit: Signature Networks for 
Longitudinal Language Modelling

First authors: Talia Tseriotou, Ryan Chan

Tseriotou, T., Chan, R., Tsakalidis, A., Bilal, I.M., Kochkina, E., Lyons, T. and Liakata, M., 
2024, March. Sig-Networks Toolkit: Signature Networks for Longitudinal Language 
Modelling. In Proceedings of the 18th Conference of the European Chapter of the 
Association for Computational Linguistics: System Demonstrations (pp. 223-237).



Sig-Networks Toolkit

 pip installable PyTorch package for longitudinal NLP modelling.



https://github.com/ttseriotou/sig-networks

https://github.com/ttseriotou/sig-networks


Contributions

1. sig-networks open-source pip installable toolkit for longitudinal NLP 

tasks.
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Contributions

1. sig-networks open-source pip installable toolkit for longitudinal NLP 

tasks.

2. nlpsig pip installable library for data preprocessing.

3. SOTA performance on three tasks.

4. Flexible dataset adaptation, model building blocks, benchmarking, 

feature and parameter selection.



Signature Network Models
Window-based

Signatures over short expanding windows fed 

in BiLSTM/MHA

Unit-based

Sequential modeling of window units through 

a BiLSTM/Encoder



System Overview



System Components

Data Preparation and Training Modules

• nlpsig.encode_text → embedding generation

• nlpsig.DimReduce →dimensionality reduction

• nlpsig.PrepareData →padded embedding streams, time features calculation

• nlpsig.classification_utils → k-fold cross validation, stratified splitting, 

user-defined folds, data points exclusion.

• User selections: loss function, validation metric, patience, random seeds, grid 

search.



System Components

Data Preparation and Training Modules

• nlpsig.encode_text → embedding generation

• nlpsig.DimReduce →dimensionality reduction

• nlpsig.PrepareData →padded embedding streams, time features calculation

• nlpsig.classification_utils → k-fold cross validation, stratified splitting, 

user-defined folds, data points exclusion.

• User selections: loss function, validation metric, patience, random seeds, grid 

search, feature concatenation in/out of path

Model Modules

• PyTorch classes as building blocks of our models to allow new systems 

development.

• Baselines: BERT, FFN (with/out history stream), BiLSTM

• Signature Network Models: range of options i.e. no. encoder layers.



Data

AnnoMI Longitudinal 
Rumour Stance TalkLife

Description Counselling Dialogues Twitter conversations 
discussing rumours

Posts from peer-to-peer 
support network

Timelines 133 325 500

Data points 4,817 (client utterances) 5,568 18,604

Predicting Client response type Switch in the aggregate 
stance towards claim Change in user’s mood



Results
To appear in EACL 2024 Sig-Networks Toolkit: Signature Networks for Longitudinal Language 
Modelling



Results

● Seq-Sig-Net achieves SOTA or on-par with SWNU across all tasks



Results
● In LRS and TalkLife SigNetworks outperforms all baselines, for each history length

● Anno-MI is the least longitudinal - small performance gains of sequential models



Time-Scale Analysis

● Different degree of temporal granularity



TempoFormer: A Transformer for 
Temporally-aware Representations in Change 

Detection 
First author: Talia Tseriotou

Tseriotou, T., Tsakalidis, A., & Liakata, M. (2024). TempoFormer: A Transformer for 
Temporally-aware Representations in Change Detection. Under Review.



Limitations of previous work

• Uses recurrent models which are slow and prone to overfitting.

• Relying on pre-trained representations.

191

Can we strike even better balance between representation 
learning and task dynamics?



Change is everywhere

Example: Identifying Mood Changes in User Posts

Context is crucial

Time provides important signal



Time in LMs
•

Longitudinal Modeling:
• Limited research that accounts for time intervals between events.
• Contextualized representations concatenated with timestamps are not 

informed by temporal dynamics.

Language Models:
• Transformer-based models lack temporal sensitivity.
• LLMs have poor temporal reasoning capabilities.

We introduce TempoFormer - a temporally aware 
transformer model.



Data

Topic Shift Longitudinal 
Rumour Stance TalkLife

Description Open-domain human to 
human conversation

Twitter conversations 
discussing rumours

Posts from peer-to-peer 
support network

Timelines 74 325 500

Data points 12,536 5,568 18,604

Predicting Major topic derailment Switch in the aggregate 
stance towards claim Change in user’s mood



TempoFormer
 



TempoFormer
 



TempoFormer
 



Temporal Rotary Positional Embeddings 
(RoPE)

● RoPE: encodes the absolute position m of 

tokens through a rotation matrix Rθ, m

● Relative position (m-n) in self-attention.

● Main idea: embed token position by rotating 

q (query) and k (key) with different rotation 

at each position.

● q,k are rotated based on their sequence 

position. temporal position
● Transformer: rotation is applied to q,k before 

applying the attention mechanism.



TempoFormer
 



TempoFormer
 



TempoFormer
 

● SOTA performance of TempoFormer on all 3 datasets
● Dynamics integrated in the LM architecture 



TempoFormer
 

● Recurrent models based on pretrained SBERT representations are now the second best.



TempoFormer
 

● LLMs fall behind by a large margin



Window Selection

Determined by model 
performance and dataset 
characteristics



Ablation Study

Temporal RoPE: advantage of modeling temporal dynamics

RoPE MHA: enables MHA integration without FFN

Stream embeddings: propagation of position information

Gate&Norm: fusion of stream and word dynamics



The curious case of recurrence
● Adapting TempoFormer for recurrence → over each post’s CLS tokens.
● RoTempoFormer consistently outperforms RoBERT.
● Right balance between context aware post representations and recurrence in stream 

dynamics.
● TempoFormer is a foundation model for temporal representation learning.



Model Adaptability
● Examining if the RoBERTa gain in TalkLife transfers to the TempoFormer.

● TempoFormer RoBERTa achieves a new SOTA of 58.8% F1 driven by IS and IE.

● TempoFormer is adaptable.



Lecture IV: Timeline extraction, Timeline 
summarisation and demo on identifying 
longitudinal changes.
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Combining Hierarchical VAEs with LLMs for 
clinically meaningful timeline 
summarisation in social media

First authors:  Jiayu Song, Jenny Chim

Song, J., Chim, J., Tsakalidis, A., Ive, J., Atzil-Slonim, D. and Liakata, M., 2024. Combining Hierachical VAEs 
with LLMs for clinically meaningful timeline summarisation in social media. (To appear in Proceedings of ACL 
2024, Findings)



Motivation
User-generated content (UGC) 
contains behavioural cues                         

   

● Enable studying  the evolution of 
individualʼs mental health over 
time

● Augment clinician capacity, 
beyond patient self-reports.



Motivation

…

Clinically meaningful timeline 
summary:
 
capture fluctuations in individualsʼ 
state-of-mind 
(can assist in monitoring, prevention and 
early detection of mental health issues. )

organize information about a person's 
diagnosis, behavior, emotions and 
cognition
( can help clinicians understand important 
aspects of the individual)

Timeline : sequences  of chronologically ordered posts by a user



Clinical Concepts
Diagnosis/mental 
states

● Presenting issues.
● Mental health symptoms, level of functioning, well being.
● Physical symptoms.
● Risk assessment.
● Motivation to change.
● Lifestyle.
● Agency, coping mechanisms, strengths and resources.
● Meaning/goals/direction in life
● Behaviour.
● Important events

Intrapersonal and 
Interpersonal 
patterns

● Main need/wish/desire.
● Interpersonal relationships.
● Self perception, self esteem

Moments of change ● Sort of emotion: sad, happy etc;
● Arousal level: high/low;
● Emotion regulation strategies
● Switches: drastic change of one’s mood.
● Escalations: intensification in one’s mood. 
● Self understanding.



Challenges

● How do we create clinically meaningful summaries from 
long rambling social media timelines?

● How do we identify and synthesise useful information 
from the timelines?

● How do we evaluate this type of summaries?
● Difference to timeline summarisation in news (few distinct 

topics, explosion of emotions, recurring themes)
● Difference to non-temporal mental health summaries



Objectives

O1: Develop an unsupervised timeline summarization method that captures 
important information from social media  timelines

O2: Provide a method  for translating timeline summaries to a clinically  
meaningful format
    
O3: Develop an evaluation strategy for assessing these types of summary
 



Solution: Summary with two different narratives 

Evidence summary (first person)：abstractive summary of a userʼs timeline 
summary focussing on important points.

High-level summary  (third person): high-level information useful for a 
clinician
● individualsʼ diagnosis, 
● intrapersonal and interpersonal patterns 
● the extent to which their mental state changes over time



Model 1. Timeline/Evidence 
summary:  Generate an 
abstractive 
Timeline/Evidence summary 
with unsupervised method 

2. High-level summary:
 feed the generated timeline 
summary into LLM to 
generate high-level summary 
corresponding to clinical 
content covering aspects 
such as diagnosis, inter- and 
intra- personal relationships 
and fluctuations in mood.
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Timeline Example
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“Gonna be offline for a bit, having lunch atm”

“OK, I am back. Kinda bored.”

“Everything is just so wrong in my life” 
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Timeline Example
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Timeline Example
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Timeline

“Gonna be offline for a bit, having lunch atm”

“OK, I am back. Kinda bored.”

“Everything is just so wrong in my life” 

“Omg can’t stop crying, everything is ruined”

“Need someone before I do something stupid 
!PLEASE HELP!”

“Wish things were differently.. Miss my gf..”

t
n+2

t
n+3

“Having an exam in one week, hope to be able to do 
well”

“Has anyone watched the last episode of Game 
of Thrones? Is it any good?”

t
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t
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Timeline Example
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Timeline

“Gonna be offline for a bit, having lunch atm”

“OK, I am back. Kinda bored.”

“Everything is just so wrong in my life” 

“Omg can’t stop crying, everything is ruined”

“Need someone before I do something stupid 
!PLEASE HELP!”

“Wish things were differently.. Miss my gf..”

t
n+2

t
n+3

“Having an exam in one week, hope to be able to do 
well”

“Has anyone watched the last episode of Game 
of Thrones? Is it any good?”

“My partner called, told me she misses me and 
wants to meet! Best day E-V-E-R!!”
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Timeline Example
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Timeline

“Gonna be offline for a bit, having lunch atm”

“OK, I am back. Kinda bored.”

“Everything is just so wrong in my life” 

“Omg can’t stop crying, everything is ruined”

“Need someone before I do something stupid 
!PLEASE HELP!”

“Wish things were differently.. Miss my gf..”

t
n+2

t
n+3

“Having an exam in one week, hope to be able to do 
well”

“Has anyone watched the last episode of Game 
of Thrones? Is it any good?”

“My partner called, told me she misses me and 
wants to meet! Best day E-V-E-R!!”

“Can anyone recommend any decent crime book to 
read”?

t
n+6

t
n+7

t
n+9t

n+8

IE IE IE Peak IE O O IS O



Social media timelines 
Dataset collected by Tsakalidis et al.(2022b) 
consisting of 500 users’ timelines from Talklife, 
anonymised and annotated with 
MoC (Moments of Change).

Switch:  sudden mood shift
 IS (In Switch) and ISB (In Switch Beginning )
Escalation: gradual mood progression 
IE (In Escalation) and IEP (In Escalation Peak)

Split the timeline into several segments 
(sub-timeline)
Based on ‘Moc’



TH-VAE



TH-VAE

Maximise Lower bound:



TH-VAE

BN: batch normalization with swish activation

SE: squeeze and excitation

Series BN, conv (CNN), SE                  Residual Cell

Block:  residual cell1 (capture different features )
Group: residual cell2 (establish long-range 
relationships), build the hierarchy by layered 
groups 

Transformer layer: load parameter from BART-base



Summary representation for generation

timeline / key phrases pairs
TH-VAE



Methods: High-level Summary
● Input: timeline summary
● Prompting framework

○ Map: Iteratively prompt 
instruction-tuned LLM to extract 
information around various clinical 
concepts

○ Reduce: Combine extracted 
information into prose, then distill 
into single coherent document 

● Output: High-level mental health 
summary capturing overall 
insights & user changes over time



Methods: Gold standard data creation
Test set with gold reference 
mental health summaries

● We sampled 30 timelines from 
the TalkLife MoC dataset

● Annotators trained in 
psychology

○ Three annotators
○ Non-native fluent English speakers
○ Postgraduate students in clinical 

psychology
○ Completed three training sessions 

under the supervision of a senior 
clinical expert

Annotators highlighted clinically relevant information in user 
timelines, then wrote mental health summaries (high-level 
observations with relevant supporting evidence).



Evaluation
What makes a good summary in this scenario?

● Salient meaning preservation: does it capture (clinically) important information?
● Factual consistency

○ Timeline summaries consistent with original timeline data?
○ High-level observations consistent with gold mental health summaries?

■ In terms of (1) overall observations and (2) moments of change
● Evidence appropriateness

○ High-level summaries consistent with respective timeline evidence?
■ In terms of (1) overall observations and (2) moments of change

● Coherence: do summaries present a logically connected, easy to follow body of information? 
● Fluency: are texts in the summary well-formed and natural?



Evaluation
Salient meaning preservation

Srivastava et al., 2022 proposed MHIC for 
psychotherapy conversations. We adapt the 
metric to our task.

1) Use semantic intersection of gold 
highlighted evidence spans

2) Compute semantic similarity, 
instead of ROUGE



Evaluation
Factual Consistency

● Prior work in summary evaluation has used NLI to measure factuality and summary 
consistency (Maynez et al., 2020; Laban et al., 2022; inter alia).

● We use a RoBERTa model fine-tuned on NLI, ANLI, FEVER (Nie et al., 2020).
● Since our summaries are two-layered:

○ Consistency with timeline
○ Consistency with gold summaries (main summary body, MoC)



Evaluation
Factual Consistency

● Timeline summary with source timeline
○ Faithfulness score (Maynez et al., 2020)
○ Modify chunking procedure 

● High-level summary with gold summaries 
○ Separately compute consistency score for:

■ m: main summary body
■ c: segment focusing on changes



Evaluation
Evidence Appropriateness

● Consistency of high-level summariesʼ (1) main body and (2) section 
focused on changes with their respective summarised timeline 
evidence timeline summary

Coherence

● How easy is it to follow the summary? - BARTScore (Yuan et al., 2021)
● Intra-summary logical consistency - IntraNLI

Fluency

● PPL - Perplexity under GPT-2 (Radford et al., 2019)



Example Summary



Results
○

For human evaluation and other details, please refer to the paper.



Results
Main observations and takeaways:

1. TH-VAE generates factually consistent, 
coherent, and mental health information 
preserving summaries of user timelines.

2. LLaMA-based summaries excel in fluency and 
are comparable to TH-VAE in capturing mental 
health information, but falls short in logical 
coherence. 

3. Human judges preferred LLaMA summaries for 
usefulness, but preferred TH-VAE in terms of 
factual consistency and usefulness in 
capturing changes over time.   

4. Prompting enables generation of fluent mental 
health insights grounded in summarised 
timeline evidence.

○ Importance of high-quality expert examples 
in few-shot prompting for keyphrases

For human evaluation and other details, please refer to the paper.



Conclusions
● New task: mental health summaries from usersʼ social media timelines.

○ Two-layer summaries combining (1) high-level information and (2) summarised timeline content.
○ Evaluation methods addressing unique requirements for this task.
○ Gold standard mental health summaries of user timelines.

● Novel timeline summarisation method: TH-VAE
○ We proposed a timeline summarisation system based on a hierarchical VAE for long texts.
○ Method captures long dependencies between sub-timelines.
○ Summaries most logically coherent, factually consistent, and useful for capturing changes. 

● Prompting framework for generating high-level mental health summaries.



Ongoing work

● Injection of temporality and context into PLMs
● Personalisation of PLMs and particularly longitudinal models
● Work on multi-modal longitudinal content
● Summarisation of longitudinal sequences
● Explanations of longitudinal models
● Synthetic generation and evaluation of user timelines
● Evaluation of generation focussing on privacy and factuality
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Thank you!
Addressing sociotechnical limitations of LLMs in medical and social contexts 
https://adsolve.github.io/– Hiring PhDs and postdocs!
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