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Code-switching (CS)

Code-switching is the alternation of multiple languages in the same discourse or
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Code-switching is the alternation of multiple languages in the same discourse or

conversation.

Language choice has been analysed as a function of the linguistic structures, speaker
proficiency, and language identity of the speaker.

More recent studies argue that code-switching is used as a communicative resource in
multilingual interaction to emphasise relevant information.



Code-switching (CS)

Consider the following example:

(1) IS.  yeah but tu sabes qué?

yeah but you know what?



Code-switching (CS)

Consider the following example:

(2) IS.  yeah but tu sabes qué?
yeah but you know what?
IS. el problema de aqui que no me gustan son los taxes is too high

the problem that | dislike over here is that taxes are too high
MA. [ see
MA. siempre por lo general el impuesto es del dos por ciento taxes is too high

generally, tax is always at 2 per cent
(Zeledon5, Miami-Bangor, Deuchar, 2010)
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Meaning predictability in CS

e Language processing difficulty is positively correlated with surprisal, i.e., the information
content of the upcoming word

e The predictability of the code-switch depends on both speaker-internal and
speaker-external factors

e A study by Myslin and Levy (2015) investigating both factors concluded that
discourse-related contextual (l.e., speaker-external) factors such as lexical cohesion,
participant constellation and meaning predictability
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Research Questions

In this study, we tested the information-theoretic approach to code-switching:

e Do multilingual speakers switch languages at lower information points in dialogue?

e Is high information content signalled using only one language in bilingual dialogue?
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We used the Bangor-Miami corpus which contains 56 spontaneous conversations collected from
Spanish-English bilingual speakers in Miami, USA.
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We used the Bangor-Miami corpus which contains 56 spontaneous conversations collected from
Spanish-English bilingual speakers in Miami, USA.

15 conversations were excluded due to missing speaker turns.

Using the corpus, we measured:

1. Surprisal at code-switching points across utterances

2. Statistical likelihood of code-switching depending on the degree of informativeness and
surprisal of the turn-level and dialogue context



Sampling from the corpus

We created balanced sets of mid-utterance code-switch points (n=500) and analogous points
with no code-switch (n=500). These sets were created by sampling tokens as follows:

e excluded the first token and the final 5 tokens in each utterance

e excluded the first 50 utterances

e excluded separators, pauses, word fragments and other non-words

e in the CS case: the previous token is from another language



Language model-based surprisal metrics

e We use information value (IV) (Meister, Giulianelli, and Pimentel, 2024) as a proxy for
(human) surprisal
e |V intuition: Given some context, LM generations will be more similar to the actual
continuation when the continuation is less surprising (given the context).
e |V has been shown to correlate better with human surprisal when compared to more
traditional LM-based metrics like perplexity (Giulianelli, Wallbridge, and Fernandez, 2023)
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e We use information value (IV) (Meister, Giulianelli, and Pimentel, 2024) as a proxy for
(human) surprisal
e |V intuition: Given some context, LM generations will be more similar to the actual
continuation when the continuation is less surprising (given the context).
e |V has been shown to correlate better with human surprisal when compared to more
traditional LM-based metrics like perplexity (Giulianelli, Wallbridge, and Fernandez, 2023)

e We measure the IV of turn continuations following sampled mid-utterance points with and
without the immediately proceeding dialogue context
e IV_turn — surprisal of the continuation without considering dialogue context
e IV_diag — surprisal of the continuation with dialogue context taken into account
o Context informativeness: CI = IV_turn - IV_diag — how much the predictability of the
continuation depends on dialogue context



Example LM-based surprisal metrics

@Begin

@Languages: eng, spa

@Participants: CHA Chantal Teenager, GIL Gillian Child

@Situation:  Informal conversation between two cousins

@Date: 22-MAR-2008

GIL: ah Jacky esta en Colombia para Navidad un afo.

GIL: um yo (.) fui la dia primero un poquito dias de Navidad.

GIL: i and then um | stayed there for a week or like couple days
or something like...

GIL: | came like a week before Christmas you know.

CHA: what are you favourite hobbies?
GIL: | u draw.

GIL: | sing.

GIL: and sometimes | go play golf.
CHA: muy chévere.

CHA: my hobbies are— 1—

GIL: and swimming.

CHA: I— I love to play basketball.
CHA: I'm in my team in my school.
CHA: um | also love to swim.

CHA: you know in the pool it's very very fun.

GIL: | know.
GIL: remember the other day when we— (.)

We always include the first part of
the transcript for minimal context
and to expose the model to the
transcription format.

This is the sampled point
(in this case a CS point)
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Example LM-based surprisal metrics

@Begin

@Languages: eng, spa

@Participants: CHA Chantal Teenager, GIL Gillian Child

@Situation:  Informal conversation between two cousins

@Date: 22-MAR-2008

GIL: ah Jacky esta en Colombia para Navidad un afo.

GIL: um yo (.) fui la dia primero un poquito dias de Navidad.

GIL: i and then um | stayed there for a week or like couple days
or something like...

GIL: | came like a week before Christmas you know.

GIL: | know.
GIL: remember the other day when we— (.)

Actual continuation:
cuando nosotros fuimos a la piscina aqui?
when we went  to the pool here?
Generated without dialogue context:
1. when you asked me if | had seen this girl at school.
2. when we were talking about Colombia?
3. we were talking about it and you were like

0.35
0.45
0.40

}

\/
IV_turn | \ean cosine distance
0.40 from actual continuation
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Example LM-based surprisal metrics

@Begin

@Languages: eng, spa

@Participants: CHA Chantal Teenager, GIL Gillian Child

@Situation:  Informal conversation between two cousins

@Date: 22-MAR-2008

GIL: ah Jacky esta en Colombia para Navidad un afo.

GIL: um yo (.) fui la dia primero un poquito dias de Navidad.

GIL: i and then um | stayed there for a week or like couple days
or something like...

GIL: | came like a week before Christmas you know.

CHA: what are you favourite hobbies?
GIL: | u draw.

GIL: | sing.

GIL: and sometimes | go play golf.
CHA: muy chévere.

CHA: my hobbies are— 1—

GIL: and swimming.

CHA: I— I love to play basketball.
CHA: I'm in my team in my school.
CHA: um | also love to swim.

CHA: you know in the pool it's very very fun.

GIL: | know.
GIL: remember the other day when we— (.)

Actual continuation:
cuando nosotros fuimos a la piscina aqui?
when we went  to the pool here?

Generated with dialogue context:

1. we went to the pool. 0.20

2. when we were playing basketball? 0.35

3. when we went swimming? 0.30
IV_diag

mean cosine distance
from actual continuation

0.30
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Example LM-based surprisal metrics

@Begin

@Languages: eng, spa

@Participants: CHA Chantal Teenager, GIL Gillian Child

@Situation:  Informal conversation between two cousins

@Date: 22-MAR-2008

GIL: ah Jacky esta en Colombia para Navidad un afo.

GIL: um yo (.) fui la dia primero un poquito dias de Navidad.

GIL: i and then um | stayed there for a week or like couple days
or something like...

GIL: | came like a week before Christmas you know.

CHA: what are you favourite hobbies?
GIL: | u draw.

GIL: | sing.

GIL: and sometimes | go play golf.
CHA: muy chévere.

CHA: my hobbies are— 1—

GIL: | know.
GIL: remember the other day when we— (.)

Actual continuation:
cuando nosotros fuimos a la piscina aqui?
when we went  to the pool here?
Generated without dialogue context:
1. when you asked me if | had seen this girl at school.
2. when we were talking about Colombia?
3. we were talking about it and you were like

Generated with dialogue context:

1. we went to the pool.

2. when we were playing basketball?
3. when we went swimming?

GIL: and swimming.

CHA: I— I love to play basketball.

CHA: I'm in my team in my school.

CHA: um | also love to swim.

CHA: you know in the pool it's very very fun.

context informativeness

IV_turn IV_diag (CIL
0.40 - 0.30 = 0.10

0.35
0.45
0.40

0.20
0.35
0.30
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Analysis and Results




Statistical Analysis

To test if code-switching is likely when the information in the dialogue context is lower, we
fitted a binomial mixed effects model with Context informativeness (Cl) and Informations
Values (1V) as the predictor to model the code-switching as the outcome
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Results: Effect of Context Informativeness on Code-switching

Predicted probabilities of Code-switching
80% =

60% -

(2} . .
'_E Turn-level information value
g-
=k
S
3 1
3 =
20% -
0% ' ' '
0 5 10

Context Informativeness

(3 = 0.47, p i .001, 95% CI [0.30, 0.64])
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Results: Turn-level surprisal

Predicted probabilities of Code-switching

@
<

Code-switching
S

20% =

kS 4 2 0 2
Turn-level information value

The probability of code-switching is higher in turns when the surprisal increases
(8 =10.47, p j .001, 95% CI [0.30, 0.64])



Conclusion




Conclusion and future research

e Multilingual speakers code-switch in interaction when the information available in the
preceding context is not very informative for the interlocutor to predict the upcoming
utterance i.e., whenever the speakers want to incrementally change the context,

they switch languages.
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Thank you!
Questions?
fahima.ayub.khan@gu.se
bill.noble@gu.se
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