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Questions

* What features of language correlate with / predict
symptoms & outcomes? = men

Yeh, it doesn’t happen in real life, does it?
— Topic?

= !4
What do you mean by real life? > d

— Sentiment/emotional content?

— Specific words/phrases?

You can’t—there are no
messages coming from the
television to people are there?

e Can we use them to help diagnosis and/or treatment?

 Can we detect them automatically?
— Accurately
— Robustly
— Using existing NLP techniques/tools

e How can we do better?
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Mental Health & Language &

* Communication is important in mental health:

— Communication quality associated with outcomes
* (Ongetal, 1995; McCabe et al, 2013)

— Communication during treatment:
* Conversation structure (how)
* Conversation content (what)

e (Can NLP techniques help us analyse & understand therapy?
* PPAT project:
— transcripts of face-to-face therapy for schizophrenia
* AOTD project:
— online text-based therapy for depression & anxiety
* (Howes, McCabe, Purver, SIGDIAL 2012, IWCS 2013, ACL 2014)

* SLADE project:
— transcripts of face-to-face diagnosis meetings for dementia
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PPAT: Face-to-Face Dialogue

* Transcripts of therapy for schizophrenia

* Manual annotation & statistical analysis
* McCabe et al (2013)

* Automatic NLP processing & machine learning
* Howes et al (2012; 2013)

* Detecting symptoms
— positive (delusions, hallucinations, beliefs)
— negative (withdrawal, blunted affect, alogia)
* Predicting related outcomes
— ratings of communication quality

— future adherence to treatment:
* non-adherence: risk of relapse 3.7 times higher

— shared understanding shown to be a related factor

University of London
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Linguistic analysis: Repair

You can‘t—there are no
messages coming from the
television to people are there?

* Manual linguistic analysis
— Significant role of repair
— Patient-initiated other-repair & self-repair
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Compare other dialogue contexts
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* Therapy: more self-repair, less other-repair & initiation
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Patient-doctor comparison
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* Patients: more self-repair, less other-repair & initiation
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NLP: brute force

» C(lassify entire dialogues (patient turns only) with SVMs, ngrams
— Predi K

* Similar|
:
* Human
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* But how well will this generalise? And what does it mean?

University of London
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LDA topic modelling

* |nfer 20 lexica

)
(42— @

topics”: N

III

M

Topic 0
Topic 4
Topic 5
Topic 7
Topic 9
Topic 10
Topic 11
Topic 12
Topic 13
Topic 14
Topic 15
Topic 16

Topic 17
TAanice 1R

feel low alright mood long drug feeling tired time confide:
voices pills mood cannabis telly voice shaking chris contrc
letter health advice letters council copy send dla cpn prob
church voice voices hear medication sister bad hearing tal
school children kids back september oclock gonna phone
weight months medication stone risk lose eat write gp ha:
place support work centre gotta job stress feel psychologi:
door house police thought ring knew worse wall hadnt sat
doctor alright years nice ill anxious write long sit eye hear
drug taking milligrams hundred doctor night time medica
sort medication work drugs kind team issues drink alcohol
mum place brother tablets died dad depot house meet mc
people life drug make care lot friends dry camera live cop:

alricht hatica Arink Arinkina maoanayv alecahal ond Aviiae ivir
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LDA topic modelling

I(l

* LDA topics given manua
— (including sentiment aspect)
Interpretation

interpretations”:

Example words from top 20

Sectioning/crisis

Non-medical services - liaising with other services
Ranting - negative descriptions of lifestyle etc
Meaningful activities - social functioning
Making sense of psychosis

Sleep patterns

Social stressors - other people stressors/helpful
Physical symptoms - e.g. pain, hyperventilating
Physical tests - Anxiety/stress arising from tests
10 Psychotic symptoms - e.g. voices, etc.

11 Reasurrance/positive feedback/progress

12 Substance use - alcohol/drugs

13 Family/lifestyle

14 Non-psychotic symptoms - incl. mood, paranoia

oo ~NOOOT b WN - O

hospital, police, locked

Physical health - side-effects of medication and other gp, injection, operation

letter, dla, housing
bloody, cope, mental
progress, work, friends
god, talking, reason

sleep, bed, night

home, thought, told
breathing, breathe, burning
blood, tests, stress

voices, hearing, evil

sort, work, sense

drinking, alcohol, cannabis
mum, brother, shopping
feel, mood, depression



Outcome prediction using topics

* |Include topic weight per dialogue, with general
Dr/P factors, as features:

Measure Manual | LDA Acc
Acc (%) (%)
HAS Dr 75.8 75.0
HAS P 59.0 53.7
PANSS positive 61.1 58.8
PANSS negative 62.1 56.1
PANSS general 59.5 53.4
PEQ communication 59.7 56.7
PEQ comm barriers 61.9 60.4
PEQ emotion 57.5 57.5
Adherence (balanced) 66.2 54.1
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Schizophrenia: Summary

* Repair correlates with adherence
— automatic detection difficult (if not impossible?)
— ... but a very sparse phenomenon

* Topic modelling provides useful features:
— topics correlate well with human-annotated topics
— topics predict symptom severity
— topics predict therapeutic relationship ratings
— topics & emotion/stance interrelate
* Predicting future adherence to treatment:
— topics: 66% (manual), 54% (auto)
— words & ngrams (phrases): 70%
— humans: 70% (transcripts), 80% (video)
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Online Text-based Therapy

* Text-based therapy for T pevehologyoniine
depression & anxiety LIVE CONFIDENTIAL ONLINE THERAPY Home Why? Who's it for? Our therapists /

— PsychologyOnline Ltd

e Cognitive behavioural
therapy .o

it PsychologyOnline is the UK’s leading provider

— 2 OOO SeSSionS 500 paﬁents . of live online one-to-one psychological therapy.
’ ’ ’
mean 5.65 sessions/patient *

[ ] Anonym isation USi ng RASP We specialise in delivering All you need is an internet connection to access our secure tt

. . with a qualified professional. We offer convenience, ease of ¢
Cognitive Behavioural Therapy

. We work he code of conduct, ethical principles and guid
— (Br'scoe et a II 2006) (CBT) for both NHS and private anz a;);e:z:tr'\ect;teool\lH::tan;a:s o:c:)i;i:alpgf:ve:nargwce,e
- - providers PsychologyOnline has been commissioned by the NHS in a nt
— Non-trivial |
* Qutcome measure
How can | access therapy? Psycholo
— Patient Health Questionnaire petints
Feeling down or that you can’t cope? Changes at home or
(P H Q-9) work? Suddenly feeling anxious or depressed? ) Inf
Anybody can buy private therapy directly from our online w h 4 for
: rybocy con buy privae ink
— Current severity, progress therapy sk, Tirkuel™. ¢

since start
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Patient Health Questionnaire (PHQ-9)

* Collected before each session
— 0-27 scale: higher score = more severe depression
— moderate/severe >=10 (in/out-of-caseness)

— A since start
PATIENT HEALTH QUESTIONNAIRE (PHQ-9)
NAME: DATE:
Over the last 2 weeks, how often have you been
bothered by any of the following problems?
o More than Nearl
(use "v " to indicate your answer) Notatal | Several half the early
days every day
days
1. Little interest or pleasure in doing things 0 1 : 3
2. Feeling down, depressed, or hopeless 0 ! e S
. . . 0 1 2 3
3. Trouble falling or staying asleep, or sleeping too much
4. Feeling tired or having little energy 0 1 2 3
5. Poor appetite or overeating 0 1 2 3
P
\‘c‘,Q‘S’ Queeﬂ Mary 6. Feeling bad about yourself—or that you are a failure or 0 1 2 3
University of London .
have let yourself or your family down




Topics

* Themes include family, sleep, symptoms, progress, process:

0

University of London

time session sorry today great send next now one work thanks see thank
please help make able perhaps look

feel life think know way things now like want make self feelings people
change maybe someone much need others

right well great sure appointment feel thank just lol tonight please know get
sorry say bye meeting last though

eating eat food weight sick drink meal now lunch control great chocolate
absolutely day healthy dinner put use really

time husband mum family feel children now dad want see said friends also
kids home life got school daughter

people say angry situation anger situations said way social others like one
friends talk someone person behaviour saying know

get go know like need things going just think try want one something time
good now make day start
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Sleep patterns

Family

Food / weight

Negative feelings

Crises

Social stress

&
%O Queen Mary

University of London

day sleep week time bed work
mood night get things days

time husband mum family feel
children now dad want see said
friends also kids home life

eating eat food weight sick drink
meal now lunch control great
chocolate absolutely day healthy

feel life think know way things
now like want make self feelings

get help gp depression pain know
medication health therapy sorry
appointment last face moment

work job time good stress working
get school life money wife issues

CIS centre for
intelligent sensing

Topic vs Schizophrenia

sleep day time feel bed bit things
hours morning sleeping night

mum money dad brother
shopping died enjoy tablets blood
bad daughter sister

weight stone eat medication gain
hospital twelve weigh exercise cut

gym

feel medication feeling thoughts
time mood low head past illness

remember doctor hospital reason
police people memory ring
shaking headaches door

things back place years thought
bit ago home put day coming

Cognitive Science Research Group
http://cogsci.eecs.gmul.ac.uk




Topic vs severity & progress

0 Materials, self-help, procedures - 10 Unhelpful thinking/habits

1 Feelings/effects of relationshipson * * 11 Work/training/education issues/
sense of self goals

2 Positive reactions/encouragement 12 Agenda/goal setting & review

3 Issues around food 13 Panic attack description/explanation ~— =

4 Family/relationships & issues with * 14 Other healthcare professionals, ++
(mostly negative) crises, risk, interventions

5 Responses to social situations 15 Sleep/daily routine +

6 Breaking things down into steps + 16 Positive progress, improvements I

7 Worries/fears/anxieties - 17 Feelings, specific occasions/thoughts

8 Managing negative thoughts/ 18 Explaining/framing in terms of CBT +
mindfulness model

9 Fears, checking, rituals, phobias = = 19 Techniques for taking control B

S - g w CA y

University of London
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Sentiment/Emotion Detection

* Detect positive & negative sentiment

— see e.g. (DeVault et al, 2013)
* Detect anger

— challenge & emotion elicitation in CBT process
 Compared existing tools

— Manually annotated 85 utterances in 1 session
* positive / negative / neutral
* |nter-annotator agreement k = 0.66

* Dictionary-based LIWC
— sentiment 34-45%; anger recall =0

 Data-based (RNNs) Stanford
— sentiment 51-54% (no anger)

L
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Distant Supervision 3'

A common technique for sentiment detection
Best day in ages! #Happy :)

just because people are celebs they dont
reply to your tweets! NOT FAIR : (

L
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Distant Supervision & >

A common technique for sentiment detection
Best day in ages!

Jjust because people are celebs they dont
reply to your tweets! NOT FAIR
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Distant Supervision 3; _ !'

A common technique for sentiment detection
Best day in ages!

Jjust because people are celebs they dont
reply to your tweets! NOT FAIR

FHE B AR AR TR T % E L XA X AN E]
RIER ARSI *~_~*

HRAETET, BifF R iR A4 (T_T)
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Distant Supervision & >

A common technique for sentiment detection
Best day in ages!

Jjust because people are celebs they dont
reply to your tweets! NOT FAIR

FHS B AR HAR I TR T % E L XA X AN E]
RIED DRSS
HRAEITHY SR Er A &

e e.g. Go et al (2009): works well if you have a
reliable but (semi-)independent label to hand

\.Q,)J Queen \izlgY, C I S centre for Cognitive Science Research Group
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Distant Supervision

e Can be applied to finer-grained emotions (Purver
& Battersby, EACL 2012)

— But quite bad for some ... how reliable are these?:

: -0 :—(@ :-S :-P

* Can also get supervision from responses:

_AggieGirll6: @captain_lizard lol yeaaaah. I'm
pretty lucky! Haha!

captain_lizard: @ _AggieGirll6 I'm glad you're
happy, Monica! :)

L
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Sentiment/Emotion Detection

Detect positive & negative sentiment
— see e.g. (DeVault et al, 2013)
* Detect anger
— challenge & emotion elicitation in CBT process
 Compared 3 existing tools
— 1 dictionary-based: LIWC
— 2 data-based: Stanford (news), Sentimental (social media)
 Manually annotated 85 utterances in 1 session
— positive / negative / neutral
— Inter-annotator agreement Kk = 0.66
— LIWC 34-45%; Stanford 51-54%; Sentimental 63-80%
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Sentiment/Emotion vs PHQ

Severity (PHQ) Progress (APHQ)
Sentiment mean — -
Sentiment std dev +
Anger mean/max -
Anger std dev +

 More positive sentiment & better PHQ, progress
 More variable sentiment & worse progress
 More/more variable anger  worse PHQ

L
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Predicting final outcomes

* Changes in levels help predicting final in/out-of-
caseness:

— using features from initial and/or final sessions:

Final In-caseness

Baseline proportion 26.8%
First + last session features, incl deltas 0.71 (0.48)
Including early PHQ scores 0.76 (0.51)

* Features chosen are informative:

— Levels of sentiment & anger, progress & crisis/risk topics
* Deltas between sessions

— PHQ scores at assessment and initial treatment sessions

University of London
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Predicting dropout

 Can we predict dropout & non-engagement?
— 148 of 500 did not enter or stay in treatment

Dropout
Baseline proportion 29.6%
Assessment session features 0.65 (0.26)
Treatment session features 0.70 (0.59)
Both sessions 0.73 (0.64)

* >70% accuracy using initial session features
— But only by including fine-grained word features

University of London
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Predicting therapy quality

 Can we distinguish “good” from “bad” therapists?
— Top 25% vs bottom 25% based on number of patients recovered

Dropout
Baseline proportion 50%
Only high-level features 0.67 (0.63)
Incuding lexical features 0.78 (0.74)

* Good accuracy using initial & final session features
— But mostly by including fine-grained word features

University of London
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Depression: Summary

* Topic modelling provides useful features:

— topics correlate well with human-annotated topics and
previous study

— topics correlate with symptom severity and progress

 Emotion detection provides useful features:
— levels and variability predict symptoms and progress
— needs care choosing & training tools

* Predicting useful outcome measures:
— recovery: 71%, 76% with PHQ information
— dropout: 73%
— therapist quality: 78%
— but perhaps we don’t understand the last two ...

L
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SLADE: Dementia Diagnosis

e U. Exeter dataset

— 148 diagnosis conversations with doctor (& carer)
» 70 positive diagnosis of dementia
e 78 negative diagnosis (Mild Cognitive Impairment in some cases)

— After referral from GP, memory tests/scans
— Given diagnosis, advice

* Relatively early stage
— Can we aid diagnosis?

University of London
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Dementia & Language

e Vocabulary reduction (e.g. Hirst & Feng, 2012)
— Authors over long timescales

* Content reduction (e.g. Orimaye et al 2014)

— Fewer predicates

— Fewer utterances, shorter sentences

— DementiaBank: 74%

Speech features (Jarrold et al, 2014)

— Including lexical class features

— Pronoun vs noun vs verb frequencies
— Small set, healthy controls: 80-90%

But we have short timescales, variable content ...

L
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Content vs Structure

e Content (topics, words) highly diagnosis-dependent
— Advice on driving, legal requirements, future planning
— And many other features e.g. length
— Need content-independent features

 Qualitative investigation: dialogue structure

— Question-answering (non-answering) behaviour
e Strategies to avoid answering

— Interaction structure (involvement of carer)

— Feedback/coordination behaviour
* Backchannels, hesitations, turn-taking patterns
* Indications of understanding
e Other- and self-repair

University of London
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Conversation-based studies

 Many CA-like studies
— Watson et al 1999 ... Jones et al 2015

* |ndicative dialogue-structural features
— “Lack of fluency”
* Self-repair
* Lack of topic coherence
— Other-repair
* Types, appropriateness, answering behaviour, lack of corrections
— Question-answering
* Avoidance strategies, contentlessness
— Pausing behaviour
* Intra- and inter-utterance
— Backchannel behaviour
* More contentless utterances vs lower use of continuants?

— Laughter

University of London
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Question-answering

Normal 75: Can you remember the name of where you
* Watson et worked?
al (1999) SDAT 76: Yeah

Normal 77: Mm? (as in ‘“Tell me’).

SDAT 78: Oh yes.

Normal 79: Well what was the ...

SDAT 80: I remember those things love I-I can’t
remember his name now he was a big bully
(laughs).

Normal 81: But what was the name of the place where

you worked?

SDAT 82: And he used to hurry up the steps like this.
You know hurry up the steps.

Normal 83: Yeah. What was the name of the place
where you worked?

SDAT 84: No, that’s one thing I'm sorry I can’t
remember. It was up near a hotel at
Paddington anyway I know that much

(laughs).
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* Watson et
al (1999)

‘Q)_J Queen Mary

University of London

Repair

Normal 17:

SDAT 18:

Normal 19:

SDAT 20:

Normal 21:

Normal 25:

SDAT 26:

Normal 27:

SDAT 28:

Don’t you have any kids.

Huh?

Any children?

Children, well my my fam-family were a
heavy family three three or four.

Oh, you mean a large family.

Did you have your own children?
Ah no I used to go to school right

(unintelligible) in reality abour thart size.
What would be that size?

Can’t go to school in the morning ‘cause all
depends on where you are.

Cognitive Science Research Group
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First try

 Simple “content”-independent features:
— Social indicators:
* Greetings
e Contribution of carer
— Self-repair indices:
* Pauses, filled pauses, incomplete words
— Other-repair indices:
* Repetition, conventional forms
— Dialogue structure features:
* Non-answering (short answers, “don’t know” keywords, pauses)
e Carer answering (turn sequences)

 Accuracy 72% ... but:
— Simple repetition indices not useful (inter/intra-utterance)
— Simple answering (keywords/speaker changes) only marginal
— Pauses very helpful

University of London
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Dialogue act detection

e Specific dialogue acts:
— Questions, answers, backchannels, repair
e Big sparseness problem
— Tagging for repair-related DAs (Surendran & Levow, 2006)

* check 8% turns, 45% f-score, clarify 4% turns, 19% f-score

— Fragment detection in dialogue (Schlangen, 2005)
* Fragments 5% of turns, 30-40% f-score

* Individual classifiers from Switchboard
— Questions, backchannels ¢.80% accuracy

University of London
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Repalr
AT N . - ll
Yeh, it doesn’t happen in real life, does it?

What do you mean by real life?

-

You can‘t—there are no
messages coming from the
television to people are there?

=
A ™
* Schizophrenia data:

— Significant role of repair

— Patient-initiated other-repair (above)

— And self-repair:

Did you feel that — did you despair so much that — you wondered if you could carry on

University of London
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Self-repair
 (Hough & Purver, EMNLP 2014)

 “Disfluency detection” for speech recognition

A flight to Boston — uh, | mean, to Denver
-> A flight to Denver
John likes, uh, loves Mary

> 4 John loves Mary

* But what about:
The interview was — it was alright
| went swimming with Susan — or rather, surfing

* Incrementality & monotonicity:
— Maintain semantic context, but with ...
— incremental parsing & choice mechanisms
— Using domain-general methods

\Q Queen Mary C I S centre for Cognitive Science Research Group
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Self-repair

* |ncremental, monotonic context model

the ell- hurple square
WORD GRAPH(INPUT) ‘
|

DS-TTR PARSE/GENERATION
STATE GRAPH

path s0-s1-s3-s4

path s0-s1-s2
grounds C1-C2

grounds C0-C1

v
x1 = yellow e x1 = purple e
x=ind e x=ind e
pl=has_colour(x,x1) t pl = has_colour(x,x1) t
p = square(x) t p = square(x) t

CONCEPTGRAPH (OUTPUT) Co yellow square >@ purple_square

.Oran or
9% S quare o 'a-r?ge\SQ'uar
S = AUare

\Q Queen Mary C I S centre for Cognitive Science Research Group
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Self-repair
* Incremental, information-theoretic repair point classifier

j=i=7 k=size(stack)
2N
. j=i-1 [\/ k=1/\/
iput output

output

 Domain-general features:
— Similarities between probability distributions
— Changes in probability & entropy given repair hypotheses
— Combined in random forest classifier
— Near state-of-the-art F-score 0.81, with faster incremental performance
— Transfer to mental health domain: 0.68, per-dialogue correlation 0.95

University of London
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Other-Repair

 (Howes, McCabe, Purver SIGDIAL 2012)

* Define features manually, extract automatically

— Linguistically/observationally informed:
*  Wh-question words, closed class repair words
* Repetition, parallelism
* Backchannel behaviour, fillers, pauses, overlaps

— Brute force: all unigrams
* Train SVMs to detect repairs (NTRIs & P2Rs)
— 44,000 turns, only 567 NTRIs (159 patient), 830 P2Rs (262)
— 80-86% on balanced data
— but only 35-44% F-scores on real data (above 20-36% baselines)

* How can we do better?
— Repair involves parallelism: not always lexical, but semantic
— Self-repair model: language model distributions
— Other-repair: lexical repetition

University of London
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Results — balanced data

* Balanced data (i.e. small dataset), patient only:

Target Features Accuracy (%)
NTRI Repeated proportion 61.2
NTRI All high-level 83.2
NTRI All unigrams 82.4
NTRI All features 86.3
P2R Repeated proportion 61.5
P2R All high-level 78.5
P2R All unigrams 77.1
P2R All features 79.8
* But of course the real data’s not balanced ...
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Results — repair detection

* On balanced data: accuracy 80-86%
* Full dataset, patient only:

Target Features P (%) R(%) | F(%)
NTRI OCRProportion 85.7 22.6 35.8
NTRI All high-level 42.8 40.6 41.4
NTRI All features 44.9 43.6 44.0
P2R OCRProportion 56.4 11.8 19.6
P2R All high-level 36.2 28.4 31.6
P2R All features 43.8 30.3 | 354

* We can probably do better:
— Audio/video: intonation, non-verbal behaviour
— Context: follow-up dialogue turns incl. other-person reaction
— But: does it actually help anyway?
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Patient NTRI Example 1

* PCA analysis shows adherence
correlates with patient-led
clarification

O Queen Mary C|S cenue for

P

| mean it's a worry a stress do you
know what | mean but you know
you know if | confronted it

Right e:::rm who is your key
worker again?

My key worker is (name) o:::r?
No no no from us is it Kathrin?
Who?

oh I'm sorry | thought you said
Kathrin

what my key worker from here?
Yeah

My CPN? () Me:::l —

Melvo

Melvin

Cognitive Science Research Group
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Patlent NTRI: Example 2

* PCA analysis shows adherence
correlates with patient-led
clarification

O Queen Mary C|S centre for

it's eh- my social life is better and
I'm I'm communicating with
people and there's a lot of people
in the choir who I've talked to
about sss- who had similar
problems you know so it's- I'm
not alone anymore so which is
good.

and eerr how is it with with your
alcohol currently

with my

alcohol drinking (words)
uuummm I've cut down eerrm a
lot maybe eerrrm | don't get
pissed anymore.

Cognitive Science Research Group
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Distributional Semantics

e Vector space representations of words
— Co-occurrence-based or learned (Mikolov et al, 2013)
— Semantic similarity & regularities
— apple close to orange, far from pavement
— (king — queen)
= (man — woman)
= (uncle — aunt)

apple

orange

> pavement

L
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Distributional Semantics

"
N

e Standard distributional models help DA ta;géiﬁg
— (Milajevs et al, EMINLP 2014)

— ... but not much! (0.60 -> 0.63 accuracy)

e Standard models reflect within-sentence distributions:
— word2vec (Mikolov et al, 2013) on Google News 100bn wd

— Closest neighbours of “hello”:
— hi 0.654899
— goodbye 0.639906
— howdy 0.631096
— goodnight 0.592058

* Training on dialogue data can help:
— (Kalchbrenner & Blunsom, 2013) RCNNs: 0.74 accuracy
— But gives a domain/task-specific model
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Perhaps we need to account for context

Distributional semantics & concept formation
— (Agres, McGregor, Purver, Wiggins in prep)

. wolf 1 8
predator ‘ gn T }g
1 , a2
| E niche
feline canine | | <
| dog |
: t (Q)g': “><}¢-=
| @ TR JA=
’ i /\
' x;’_/ species N
feine | |  canine
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Meaning is Contextual

* Dynamic dimension selection from sparse space
* “Conceptual space” formation
 WordNet eval (precision @ 50): A
— 0.18
— 0.17 (word2vec)
— 0.12 (GloVe) y \
 Human eval (recall):
— 0.24 (anchor) g
— 0.16 (norm)
— 0.14 (word2vec)

XMmouse
olf
X

shark X
REDATORY ANIMAL

ANIMAL

Xlender

4

PREDATORY

\a.;@)_el Queen |\/|ary C I S centre for Cognitive Science Research Group

University of London intelligent sensing http://cogsci.eecs.gmul.ac.uk



Sparse vs Reduced Spaces

* Lexical similarity

dataset = SimLex-999 dataset = men

1.0

0.8

0.6

reduction
B sparse
BN svd.500.

0.2

0.0

-0.2
head head

operator operator
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Sentence similarity

dataset = emnip2013 turk dataset = gs2011

rec

head add mult kron head add mult kron
operator operator
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Addition survives

* Kron and mult degrade

1.0
0.8 .
Kron Ny Y
Mult Add e Y
0.6 : -
: S e Add
X - ’ = |
5 04 5o % o,
"y ,:—-' : operator
S s ® head
§_ < —' Mult ® add
g 0.2 (ﬁ ® mult
by .4"."' Kron ® kron
%
0.0
W L o O
-0.2
-0.4
sparse svd.500.
reduction
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What are the right units? !

* Perhaps we need to learn from contextual distributions

e Which means we need to know the units of interest

— (cf. Nishida “conversation quanta”?)

* Unsupervised, information-theoretic induction

— (Griffiths et al, in prep) s

BOTH+

— Segment on changes:
e information content

05

* entropy 0
— At different levels: g

e syllables 0.67 F1

* words 0.71F1 2

01}

00

—— Phrases
—  Words
—— Syllables
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What are the right units?

* Scaling up to a hierarchical model

semantic SPﬁfich
context recognition
Se”!a”_” ¢ recognise<—> sPcech -— language
association )
[}
:)‘ )
__ _{-precognise
- |
word to<q

morpheme \\

> re > keg
\ ,\m.\ ] |
\v I |

phoneme t—>e—-l>r—>e—>k >9—>N—>A—> | ->S->b—>i—>t

time >
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Thanks!
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