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Abstract

Visual cues like facial expressions and gestures enhance
speech comprehension. While prior studies have explored
L1 multimodal speech processing, research on bilinguals re-
mains limited. Here we examine how visual context influences
speech processing in monolinguals and bilinguals by assess-
ing changes in sensitivity to different speech dimensions. EEG
was recorded from 24 monolinguals and 24 bilinguals as they
viewed multimodal speech clips presented in audiovisual or
audio-only formats. Then, a temporal response function was
applied to decode neural responses to audio envelope and sur-
prisal to index sensitivity of acoustic and semantic informa-
tion. Results show that visual context facilitated audio track-
ing in bilinguals but did not enhance surprisal tracking. Con-
versely, monolinguals benefited from visual input for surprisal
tracking but not envelope tracking. These results suggest that
bilinguals may allocate more cognitive resources to audio pro-
cessing when integrating visual cues, potentially limiting the
availability of resources for higher-level semantic processing.

Keywords: Multi-modal Speech Processing, Bilingualism,
EEG, Speech Envelope Tracking, Lexical Surprisal Track-
ing

Introduction
Approximately 50% of the world population is bilingual
(Eberhard, Simons, & Fennig, 2023). As international migra-
tion increases, many individuals acquire a second language
(L2) after their first language (L1). However, despite the
fact that language is predominantly used in face-to-face in-
teractions rich in multimodal cues, research on multi-modal
comprehension in L2 remains scarce (Akker & Cutler, 2003;
Birulés, Bosch, Pons, & Lewkowicz, 2020; Dahl & Lud-
vigsen, 2014). L2 speakers, particularly those who acquire
the language later in life, often face greater processing de-
mands than L1 speakers due to their more limited language
experience (Rosenberg, Hirschberg, & Manis, 2010). This
increased cognitive effort may reduce their capacity to pro-
cess non-verbal communicative cues(Lee, Perdomo, & Kaan,
2019). They may also be less familiar with how visual cues
contribute to communication in their L2. For instance, lin-
guistic differences between stress-based and tonal languages
can influence the perception of emphatic cues, while cul-
tural variation in co-speech gestures may affect comprehen-
sion. These challenges might lead L2 speakers to overlook
some multimodal cues, though they may also selectively at-
tend to those that aid comprehension, such as specific ges-
tures or tonal features (Dahl & Ludvigsen, 2014; Lin, 2021).

McGurk-like paradigms further suggest that bilingual expe-
rience shapes audiovisual speech integration from early in
development (Mercure, Bright, Quiroz, & Filippi, 2022). In-
vestigating how multimodal information supports L2 compre-
hension in naturalistic settings is therefore essential to under-
standing L2 processing mechanisms.

Previous studies show that multimodal cues—such as facial
expressions, gestures, and mouth movements—can modulate
speech comprehension in both L1 and L2 speakers (Akker &
Cutler, 2003; Drijvers, Vaitonytė, & Özyürek, 2019; Taka-
hashi et al., 2018; Zhang, Frassinelli, Tuomainen, Skipper,
& Vigliocco, 2021). However, most work has manipulated
these cues in isolation, in ways that do not reflect how they
co-occur in naturalistic contexts. This limitation in ecological
validity raises the question of whether L2 speakers can benefit
from co-occurring multimodal cues during real-world speech
comprehension. To address this, we conducted an EEG ex-
periment examining the effects of visual context on speech
processing using naturalistic materials.

Current Study
In this study, we aimed to explore whether visual context
makes speech processing more challenging by increasing
cognitive demands for integration, or whether it facilitates
speech processing by providing additional contextual infor-
mation. Further, we wanted to explore whether this effect
was modulated by language experience (i.e. monolingual vs.
bilinguals), given that bilinguals typically have less experi-
ence than monolinguals with their shared language.

Two dimensions – acoustic and semantic information – of
the stimulus were selected to measure how well each group
tracks the information in continuous speech. Sensitivity to
acoustic information was operationalized as tracking of the
amplitude of the speech envelope, known alternately as enve-
lope tracking or audio tracking. Envelope tracking is thought
to capture the process by which ongoing cortical oscillations
synchronize with slow amplitude fluctuations in speech, and
is presumed to represent the initial neural encoding of speech
(Giraud & Poeppel, 2012; Gross et al., 2013). Semantic in-
formation tracking, on the other hand, was operationalized as
(lexical) surprisal tracking. Surprisal is the log-transformed
conditional probability of a word based on the preceding con-
text. It has previously been argued to index semantic process-
ing as its neural correlates include the N400 ERP component
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(Frank, Otten, Galli, & Vigliocco, 2015). Together, these two
measures allow us to probe participants’ sensitivity to both
higher (i.e. semantic processing) and lower (i.e. envelope
tracking) level aspects of the speech signal.

The temporal response function (TRF) method was then
employed to estimate each individual’s neural tracking per-
formance. A temporal response function is a linear stimulus-
response model that maps continuous stimuli such as speech
to aspects of M/EEG signals. It has been shown that EEG re-
sponses can be predicted from the statistical measures of ei-
ther acoustic or semantic features of the eliciting speech (for-
ward modeling) (Lalor, Power, Reilly, & Foxe, 2009), or vice
versa where properties of the speech can be predicted from
EEG responses (backward modeling) (Lalor & Foxe, 2010).
In this study, backward modeling was used to assess how ac-
curately the selected feature could be reconstructed from neu-
ral activity. Better reconstruction accuracy was interpreted as
better tracking of the features.

In summary, we collected scalp-recorded electroencephalo-
gram (EEG) as monolingual and bilingual English speak-
ers watched excerpts from Ted Talks in both audio-only and
audio-visual formats. Then, the temporal response function
(TRF) was employed to estimate how well each group tracked
the audio envelope and surprisal in each condition (Crosse,
Di Liberto, Bednar, & Lalor, 2016). Within each group,
we asked 1) how does visual context affect envelope track-
ing and 2) how does visual context affect surprisal tracking
by comparing the corresponding reconstruction accuracy in
each condition. Significant differences in reconstruction ac-
curacy as a function of stimulus format would suggest that
envelope/surprisal tracking is modulated by visual context in
the group. Alternatively, the absence of said effects may indi-
cate that the group is less sensitive to or less reliant on visual
context for envelope/surprisal tracking.

Materials and Methods
Participants
48 UCSD undergraduates (24 monolingual speakers, and 24
Mandarin-English bilingual speakers) were recruited to com-
plete the study in exchange for extra credit in their cognitive
science, linguistics, or psychology courses. The monolingual
speakers all identified as native English speakers with no sig-
nificant exposure to other languages, and the bilingual speak-
ers identified as Mandarin/English bilingual speakers without
significant exposure to any other languages. Bilingual speak-
ers were accepted regardless of the order of acquisition of
their two languages or the relative dominance between them.
All participants were right handed, reported normal or cor-
rected to normal vision and no history of reading or hearing
difficulties. Informed consent was obtained from all partici-
pants prior to participating in the study.

Stimuli Design
5 video excerpts were taken from a corpus of Ted Talks in
English. Videos were chosen based on the following criteria:

1) the talk was recorded post-2005 for clear video quality;
2) a single speaker talks for the entire duration of each pre-
sentation; 3) the speaker makes minimal use of videos/slide
presentations to convey information; and 4) the camera is
mainly focused on the speaker. The duration of each talk
ranges from 7.7 to 9.3 minutes (mean duration = 8.3 mins,
std = 0.7 mins). To promote attention to the material, each
of the talks was broken down into several shorter clips vary-
ing from 1.3–2.6 minutes timed to end on a natural pause,
resulting in 23 clips in all. Two versions were created of each
clip – Audio-Only (AO) and Audio-visual (AV) conditions.
In the audio-only condition, the visual component of the clip
was replaced with a black screen with a white cross in the
center, while the audio-visual condition retained the video’s
original form. The clips were then distributed to 2 differ-
ent video lists, designed such that the audio-only and audio-
visual conditions were counterbalanced across lists, and that
each subject would see only a single version of each clip.
The audio-only and audio-visual conditions alternated se-
quentially within each Ted Talk.

Comprehension Questions
At the end of each of the 5 talks, participants were prompted
to answer a set of 3 multiple-choice questions intended to test
their comprehension of the materials. Each multiple-choice
question had 4 options, with a single correct answer. In total,
15 questions were answered across the 5 Ted Talks. The com-
prehension score for each participant was computed by divid-
ing the total number of questions by the number of questions
for which the participant chose the correct answer.

Category Verbal Fluency Test
A verbal category fluency task was administered to monolin-
gual subjects in English and to bilingual subjects in both En-
glish and Mandarin. In this task, subjects were asked to pro-
duce as many items as possible from a specific semantic cat-
egory within a 30 second time limit (Luo, Luk, & Bialystok,
2010; Rohrer, Wixted, Salmon, & Butters, 1995). Four dif-
ferent semantic categories were presented for each language.
Two of the four categories were animate, while the other two
were inanimate. The order of the categories was randomized.
At the beginning of the task, participants had the opportunity
to practice producing tokens for one semantic category that
was unrelated to the main task categories (i.e., tools). All par-
ticipant responses were recorded for later transcription and
coding. Participants’ performance was quantified by taking
the sum of tokens across all categories within each language.

Experiment
Experimental Procedure After informed consent was ob-
tained, the experimenter administered the verbal fluency test
(monolingual participants) or tests (bilingual participants).
Next, the participant was guided to a dimly lit, sound-proof
room for the EEG portion of the experiment. Prior to the of-
ficial EEG experiment, a practice session was conducted to
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Figure 1: English fluency score and comprehension accuracy score distribution in monolingual and bilingual speakers.

demonstrate the format of the experiment, viz., sequential al-
ternation between audio-only and audio-visual clips. The of-
ficial EEG experiment comprised 5 blocks separated by self-
paced breaks, each containing a complete Ted Talk excerpt.
Participants were instructed to fixate on the white cross in the
center of the monitor and listen to each clip in order to an-
swer comprehension questions at the end of each video. In
each block, participants viewed a sequence of clips that al-
ternated between the audio-only (AO) and audio-visual (AV)
excerpts; each clip was preceded by a white fixation cross in
the center of the screen whose presentation duration varied
randomly between 500 and 1000 ms. Following all the ex-
cerpts in a block, participants were prompted to answer the
3 comprehension questions about the Ted Talk they had just
watched. Following each block, participants pressed a button
to indicate when they were ready to proceed to the next Ted
Talk.

EEG Acquisition and Preprocessing The EEG signals
were recorded using 64 Ag/AgCl electrodes from the ex-
tended 10-20 standard system using a BioSemi ActiveTwo
EEG system at a sampling rate of 2048Hz. The EEG signals
were then band-pass filtered at [0.1Hz, 32Hz]. Artifact sub-
space reconstruction (ASR) and adaptive mixture indepen-
dent component analysis (AMICA) were applied to remove
artifacts (Chang, Hsu, Pion-Tonachini, & Jung, 2018; Hsu et
al., 2018). Following artifact correction, the EEG data (re-
sampled at 64Hz and 50Hz) was segmented into 23 epochs
of varying length using timestamps that defined the onset and
offset of each video clip. The 64Hz and 50Hz dataset was
used for audio-envelope decoding and surprisal decoding, re-
spectively. The resampling rate was decided based on the
common denominator between EEG sampling rate and the
stimulus sampling rate (e.g. original audio sampling rate:
44100 Hz; original surprisal sampling rate: 1000Hz). The

preprocessing procedure was carried out using the EEGLAB
toolbox on Matlab (Delorme & Makeig, 2004).

Temporal Response Function (TRF) Analysis

Stimulus Preprocessing To properly apply the TRF tech-
nique, the stimulus features must be extracted. The audio
envelope was derived by transforming the audio source for
each video clip into a univariate speech envelope, log-scaling
the root-squared average amplitude across samples at 64Hz.
This process was implemented by using the mTRFenvelope()
function from the mTRF toolbox (Crosse et al., 2016).

The surprisal of every spoken word in the talks were ex-
tracted from the davinci-002 model from Openai (T. Brown
et al., 2020). Across all talks, The surprisal ranged from 1.89
to 6.24 (mean = 2.56), offering sufficient spread for mean-
ingful analysis. All the surprisal measures were organized
in a 1000Hz stream where the surprisal value was annotated
with precise timing of each corresponding spoken word pro-
vided by Whisper (Radford et al., 2022) for each clip. The
surprisals were annotated from the onset to the offset of the
corresponding spoken word during the talk. Prior to the de-
coding analysis, the surprisals were downsampled to 50Hz to
align with the EEG data.

Decoder Model Training The TRF technique was em-
ployed to model the relationship between EEG signals to au-
dio envelope and surprisals (Crosse, Butler, & Lalor, 2015).
In this case, the backward model (referred to below as the
decoder model) was constructed to predict each stimulus fea-
ture from the EEG data. For every data point in the stimu-
lus, a pre-selected window of the corresponding EEG signals
(-100ms to 500ms for the audio envelope, 200ms to 700ms
for surprisals) from all 64 channels was selected to construct
a linear regression model to predict either the surprisal or the
amplitude of the speech envelope at any given point in the au-
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Figure 2: Audio Envelope (left) and surprisal (right) Decoding performance in two speaker groups across both conditions.

dio stream. In other words, the relationship between the stim-
ulus feature and the EEG signal at any time point is described
by a decoder model containing weighted EEG signals from
the pre-selected time window. The time window was chosen
to cover significant event related potentials (ERP) signatures
of auditory processing (e.g. N1 and P2) and semantic pro-
cessing (e.g. N400) (Fogarty, Barry, & Steiner, 2020; Kutas
& Federmeier, 2011).

Prior to decoder model training, all stimuli and correspond-
ing EEG signals were segmented into 10 second trials, result-
ing in a total of 235 trials. Separate decoder models were
trained and constructed for each individual trial. To avoid
data leakage, the target for each decoder model was first set
aside as the testing trial so that it was never seen in the train-
ing phase. The first step of the decoder training session was
to optimize the parameters of the decoder model in a leave-
one-out cross validation fashion. Specifically, each of the 234
trials in the training set served as some point as a testing trial
for one of the decoder models we constructed. The ridge pa-
rameters of the final decoder model were computed by av-
eraging over all the decoder models assigned to the training
trials. This model was then applied to the testing trial. De-
coder accuracy was operationalized by the pearson’s corre-
lation score between the predicted stimulus signal (produced
by the decoder) and the true stimulus signal for the testing
trial. This correlation coefficient will be referred as decoding
scores below. Separate training session were conducted for
each individual subject and stimulus conditions (i.e. AO and
AV conditions). This analysis was carried out using the mul-
tivariate temporal response function (mTRF) Matlab toolbox
(Crosse et al., 2016).

Statistical Analysis The correlation coefficients from each
testing trial in each participant were entered into a series of

increasing complex Linear Mixed Effects (LME) models, ex-
amining the main effects of language experience and stimulus
condition on the quality of decoder models derived from par-
ticipants’ neural activity. All models shared the same random
effect structure, including random intercepts for the stimulus
item (i.e. the stimulus clips) and subjects. The regression
model with the lowest Akaike information criterion (AIC)
was selected as the best model (Akaike, 1973). The audio-
only condition (AO) and monolingual speakers were chosen
as the baseline level for stimulus condition and language ex-
perience for all models, such that the coefficients for each
predictor can be interpreted as the intercept-relative change
as the result of having additional visual input or additional
language experience (i.e. bilingual speakers).

Results
Behavioral Data
Categorical Verbal Fluency Test Performance on the ver-
bal fluency test was determined by summing the total num-
ber of tokens produced across all four categories for each
language. The result is shown in Figure 1. On average,
the Welch’s t-test revealed that the monolingual speakers
produced more English tokens than the bilingual speakers
(Monolingual: 44 ± 8 tokens, Bilingual: 34 ± 11 tokens;
t(38.71) = 3.72, p-value < 0.001), indicating that monolin-
gual speakers had higher English fluency than the bilingual
speakers. Within the bilingual speakers, on average more En-
glish tokens were produced than Mandarin tokens (English:
34 ± 11 tokens, Mandarin: 27 ± 13 tokens). 5 out of 24 bilin-
gual speakers produced more Mandarin tokens (i.e. Mandarin
dominant), 7 produced more English tokens (i.e. English
dominant), and the remaining 12 produced a similar number
of tokens between both languages (i.e. balanced dominance).

282



Figure 3: Correlation between English Fluency and decoding performance in bilingual speakers.

Table 1: Linear Mixed Effect Regression Model Result

Audio Envelope Decoding Surprisal Decoding
Decoding Accuracy∼ RV + LE*Condition Decoding Accuracy∼ RV + LE*Condition

Predictors Estimates CI p-value Predictors Estimates CI p-value
(Intercept) 12.70 [11.94, 13.46] <0.001 (Intercept) 14.18 [13.44, 14.91] <0.001
LE (B) -0.73 [-1.66, 0.20] 0.125 LE (B) 1.03 [0.23, 1.83] 0.011
Con(AV) 0.20 [-0.30, 0.69] 0.439 Con(AV) 0.70 [0.11, 1.30] 0.021
LE(B) × Con(AV) 0.72 [0.01, 1.43] 0.046 LE(B) × Con(AV) -0.65 [-1.50, 0.20] 0.132
RV: Random variables, LE:Language Experience, B: Bilingual, Con: Condition, AV: Audio-Visual

Comprehension Accuracy Comprehension accuracy is
shown in Figure 1. All participants performed well above
chance on the multiple choice questions, with an average ac-
curacy of 80 % (SD: 17%). However, between the speaker
groups, the Welch’s t-test suggested that the monolinguals
had higher accuracy rates than the bilinguals (Monolingual:
85 ± 13%, Bilingual: 75 ± 19%; t(38.71) = 2.22, p < 0.05).

Audio Decoding Performance
The best fitting model for audio decoding performance is
the one including an interaction between language experience
and stimulus condition (e.g. Audio Envelope Decoding Score
∼ Random Variables + Language Experience*Condition).
The results are shown in Table1. This model reveals neither a
main effect of AV condition nor that of bilingual language ex-
perience, but does indicate an interaction effect between stim-
ulus condition and language experience (Estimates: 0.72, CI:
[0.01, 1.43], p = 0.046). This model thus suggests that while
monolingual speakers did not benefit from the visual input,
audio envelope tracking in the bilinguals improved in the AV
condition. Results can be seen in Figure 2.

Motivated by the interaction between bilingual speakers

and stimulus condition, we wondered if the improvement
from visual input was related to the large variance of lan-
guage fluency in bilingual speakers. We constructed a follow-
up LME model including both English fluency and Mandarin
fluency (e.g. Audio Envelope Decoding Score ∼ Random
Variables + English Fluency + Mandarin Fluency + Condi-
tion) to examine whether the improved performance in bilin-
gual speakers can be explained away by different language
fluency levels. The resultant model indicated that auditory
decoding score was significantly related to stimulus condition
(Estimates: 0.88, CI: [0.38, 1.38], p = 0.001), English fluency
(Estimates: 0.06, CI: [0.00, 0.11], p = 0.035), but not Man-
darin fluency (Estimates: -0.01, Confidence Interval (CI): [-
0.06, 0.04], p = 0.68). Audio tracking increased as a func-
tion of English fluency, but not Mandarin fluency. Moreover,
even when controlling for differences in English fluency, au-
dio tracking in bilinguals was better with visual input. These
effects can be seen in the left-hand panel of Figure 3.

Surprisal Decoding Performance

As for the audio decoding analysis, a series of increasingly
complex LME models of surprisal decoding performance
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were constructed. Statistical model comparison indicated that
the best model of surprisal decoding scores was the one that
included an interaction effect between language experience
and condition (e.g. Surprisal Decoding Score∼ Random Vari-
ables + Language Fluency * Condition). This model revealed
a main effect of the the AV condition (Estimates: 0.70, CI:
[0.11, 1.30], p = 0.021) indicating a beneficial effect of the
visual cues on surprisal decoding in the monolingual refer-
ence group, and a main effect of bilingual experience (Es-
timates:1.03, CI: [0.23, 1.83], p = 0.011) indicating better
surprisal decoding on the audio-only trials among the bilin-
gual speakers. However, the interaction term failed to reach
significance (Estimates:-0.65, CI: [-1.50, 0.20], p = 0.132),
suggesting the bilinguals failed to benefit from the visual in-
put. The surprisal decoding scores are plotted in Figure 2 and
the output of the mixed effects model is presented in Table 1.

Similar to the auditory analysis, we again asked if surprisal
tracking performance in bilingual participants was related to
their language fluency level. Accordingly, we constructed an
analogous follow-up model (e.g. Surprisal Decoding Score
∼ Random Variables + English Fluency + Mandarin Fluency
+ Condition). This post hoc model revealed that bilinguals’
surprisal tracking improved with their English fluency (Esti-
mates:0.05, CI: [0.01, 0.08], p = 0.009), but not their Man-
darin fluency (Estimates:-0.01, CI: [-0.04, 0.02], p = 0.517).
The null effect of AV condition in this model (Estimates:0.08,
CI: [-0.53, 0.69], p = 0.794) confirms that visual input in the
AV condition did not facilitate surprisal tracking among the
bilingual speakers. The positive relationship between English
fluency and surprisal decoding can be seen in the right-hand
panel of Figure 3.

Discussion
In the current study, we explore how language experience in-
fluences neural tracking of the speech envelope and of the
surprisal of words in the speech contingent on the presence
or absence of concurrent visual input. To do this, we em-
ployed the TRF technique to decode EEG signals recorded
from monolingual and bilingual adults listening to audio-only
and audio-visual excerpts from Ted Talks. We then applied a
series of linear mixed-effect regression models to analyze the
relationship of tracking performance with the presence of vi-
sual cues in the stimuli and with the language experience of
the participants. We found that visual input influenced differ-
ent aspects of speech processing in our two groups of partici-
pants. Among bilinguals, visual context led to better tracking
of the audio envelope, but conferred no apparent advantage
for suprisal tracking. Among monolinguals, visual context
led to better tracking of lexical surprisal, but conferred no ap-
parent advantage for audio tracking.

Visual Cues in Audio Tracking versus Surprisal
Tracking
As noted above, we find that visual cues facilitated low level
auditory processing in bilinguals, but provided little impact

on higher level semantic processing. This finding is consis-
tent with prior studies that have reported that, relative to L1
listeners, L2 listeners are more sensitive to visual cues dur-
ing speech processing (Drijvers & Özyürek, 2018; Birulés et
al., 2020), but benefit less from mouth movements and mean-
ingful gestures in tests of language comprehension (Drijvers
et al., 2019; Drijvers & Özyürek, 2019). We suggest that
one consequence of bilingual participants’ more limited ex-
perience with English is that lower-level aspects of process-
ing may demand more of their attention, thereby reducing
the cognitive resources available for processing meaning. In
line with this suggestion, Brown and Strand (2019) found that
while visual information facilitates word recognition, partic-
ipants’ overall cognitive listening effort increased. If visual
input boosted our bilinguals’ audio decoding scores while si-
multaneously increasing cognitive load, the reduction in re-
sources available for higher level processing might explain
why surprisal tracking levels remained constant. This is also
supported by the positive relationship between English flu-
ency and decoding scores for both the sound envelope and
lexical surprisal.

Surprisal Tracking in Monolinguals versus
Bilinguals

Another curious result of the present study was that suprisal
decoding scores during audiovisual clips were similar in both
groups, and were actually better in the bilinguals during the
audio-only clips. One potential explanation may lie in the
construct validity of this measure. That is, perhaps the sur-
prisal measures we obtained from davinci-002 do not provide
an accurate estimation of the surprisal values for words in
our multi-modal corpus due to the prevalence of textual input
in GPT-3’s training set. Indeed, it may be that the surprisal
measures from the language model are more similar to those
of our bilingual speakers who may also have more experience
with written English. Alternatively, if we accept that the sur-
prisal measures used here do provide a reasonable estimate of
the unpredictability of words in our corpus, group differences
observed in the present study may result because bilingual
participants make greater use of predictive processing mech-
anisms, and therefore are more sensitive to surprisal measures
than their monolingual peers. More research is needed to clar-
ify the factors that influence surprisal tracking in multi-modal
discourse comprehension.

In conclusion, our study is one of the first to investigate
multi-modal speech processing by directly analyzing the re-
lationship between neural signals and naturalistic materials.
Our results showed that visual information facilitates differ-
ent aspects of speech processing in monolingual and bilingual
speakers. However, in view of the limitations of the paradigm
used here (e.g., the coarse manipulation of visual context, the
use of only two dependent measures, etc.), more research is
needed to characterize how language experience impacts the
perception and comprehension of speech in multi-modal con-
texts.
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