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Contextual Verbal Information Modulates Low Frequency Neuronal 1 

Population Activity During Face Processing2 
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Abstract  3 

Perception of faces is shaped by prior expectations1,2. To address how 4 

expectations modulate face processing, we recorded intracranial EEG3,4 across 5 

2836 recording sites in 20 participants as they heard a valenced description 6 

about a person, saw that person's face, and rated their impression. Using a two-7 

step approach, we decomposed high- (HFA; 70–170 Hz) and low-frequency 8 

(LFA; 1–8 Hz) domains into spatiotemporal motifs using consensus NMF5. Next, 9 

we constructed encoding models for each motif, on a trial-by-trial basis to 10 

identify traces of expectations during face processing using pretrained language 11 

model semantic embeddings. HFA motifs were modality-specific and tracked 12 

semantic content predominantly during the audio epoch. In contrast, the effect 13 

of valence was seen in LFA motifs, and trial-by-trial neural signals during face 14 

epoch were predicted by semantic content across distributed sites. This 15 

suggests that semantic information carried by a preceding short narrative is 16 

reflected in low-frequency neural activity during subsequent face processing. 17 

Our findings offer insights into frequency-specific contributions to how the human 18 

brain integrates prior expectations with incoming sensory input.  19 

Keywords: intracranial, electroencephalography, face processing, emotion, 20 

expectation, context modulation, multimodal processing, language, 21 

narratives.   22 
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Introduction 23 

In our day-to-day interactions, we detect and rapidly form an impression of faces within tens to a few 24 

hundred milliseconds6-9. However, face processing is not a direct sum of facial features alone. 25 

Expectations and prior information can modulate sensory processing of a given face1,2. For instance, 26 

learning that a new neighbor rescues animals from the shelter can shape face processing in ways that 27 

cannot be reduced to physical features alone. Yet how brain structures are engaged in processing social 28 

information and how this information affects sensory face processing remains poorly understood. Here, 29 

we asked how brain activity across regions and timescales reflects the expectations a perceiver forms 30 

from socially relevant, valence-laden information, and how those expectations subsequently modulate 31 

the neural representation of a person’s face. 32 

Our work was inspired by a large body of prior work that has transformed our understanding of face 33 

processing in non-human primates and humans. Yet, we presently know little about how social 34 

information impacts such face processing. Three methodological challenges have impeded progress in 35 

this domain. First, different aspects of face processing are distributed across time10 and brain 36 

regions11,12: within half a second, face-related neural activity progresses from posterior fusiform gyrus 37 

to anterior regions. This necessitates recording techniques with high temporal precision. Second, social 38 

information transfer, primarily in the form of language, is uniquely human, requiring intracranial 39 

recordings in humans. Lastly, to understand the dynamics of neural processing across regions, 40 

simultaneous recordings across multiple brain regions are needed. We addressed these three 41 

challenges in our current study with intracranial recordings in human participants3, leveraging 42 

simultaneous cross-regional recordings with millisecond temporal resolution and millimeter spatial 43 

precision, to track large-scale neural dynamics of socially driven verbal expectations.  44 

We recruited human participants (N = 20) implanted with intracranial electrodes as part of their 45 

epilepsy evaluation. We recorded with millisecond resolution across hundreds of recording sites in each 46 

participant while participants listened to short, valence-loaded audio descriptions about a person. 47 

Shortly after, participants viewed a neutral face of that same person and were asked to rate how they 48 

felt while perceiving the face. Our aim was to examine how expectations modulate face-related signals. 49 

To identify such signatures, we took a two-step approach. First, we clustered neural time series into 50 

spatial-temporal motifs, i.e. modes of neural engagement in time during different stages of processing, 51 

in both high-frequency and low-frequency iEEG activity (HFA and LFA). Second, to quantify traces of 52 

expectations, we used encoding models with sentence embeddings from a pretrained transformer 53 

language model to quantify expectations from the audio descriptions in order to predict their impact on 54 

face-related activity.  55 

Our focus on low vs. high frequency iEEG data was motivated by the notion of feedforward, sensory-56 

driven processing being expressed predominantly in high-frequency activity, whereas top-down and 57 

contextual influences may be conveyed at lower frequencies (e.g., 13-16), and from extant evidence from 58 

direct human recordings indicating that higher-order linguistic content is carried disproportionately in 59 

lower rather than high-frequency bands17. Thus, we hypothesized that sensory face processing and the 60 

social expectations that shape it would correspond to dissociable neural activity: HFA and LFA, 61 

respectively.  62 
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Using a data-driven clustering approach, we discovered two LFA motifs that showed a significant 63 

valence effect during the late stage of audio as well as during face processing. Encoding models further 64 

showed that semantic embeddings predicted trial-by-trial face-epoch activity in these same LFA motifs, 65 

but not in any HFA motifs. These two converging results suggest that LFA is associated with encoding 66 

contextual expectancy information, which later modulates face processing signals. To confirm this claim, 67 

in a small number of participants in whom we had recordings from occipital and fusiform cortices, we 68 

show that the LFA profiles in these early visual sites are modulated with significant valence effects. 69 

Together, our findings highlight how prior valenced semantic information about a person is carried 70 

forward by low-frequency dynamics into the viewing of that person's face across distributed sites and 71 

epochs.  72 

 73 

Results 74 

Participants, recording sites, and task performance  75 

Twenty patients with refractory epilepsy volunteered to participate in this study (9 female; 11 male; 76 

Mage = 33.3, SDage = 11.78, Table S1). Participants completed an experimental task described in Fig. 77 

1a. In brief, they were presented with 150 trials (3 runs of 50 trials; 129 for 3 participants). Each trial 78 

began with a computer-generated audio clip (1–1.2 s) describing a characteristic of a person. A face 79 

was then shown for a fixed 1 s window. The faces were black-and-white, emotionally neutral, and sex-80 

balanced. In 14 of the 20 participants, the face was followed by a prompt to provide subjective ratings. 81 

The first six participants in our study were not asked to provide ratings of the faces. Data were acquired 82 

using intracranial electrodes (Subdural Nparticipants = 3; Depth Nparticipants = 16; Both Nparticipants = 1, AdTech, 83 

Wisconsin, USA). In total, 3022 electrode contacts (hereafter referred to as “sites”) were compiled 84 

across participants (Msites = 151.1, SDsites = 38.8; range 92–252, Fig. 1b). We excluded 130 sites located 85 

outside of the brain and 56 sites that were lesion, empty, or cerebellar contacts, resulting in 2836 86 

recording sites in total (left hemisphere: 1513, right hemisphere: 1323). Data were pooled and analyzed 87 

across hemispheres to account for sparsity of recording sites.  88 

Subjective rating of faces was significantly different based on the valence of verbal descriptions 89 

preceding the faces (F(2, 12.74) = 36.42, partial !! = .85, 95% CI [.62, .92], p < .001; Fig. 1c). To confirm 90 

the experimenter-assigned valence categories, we scored each audio’s transcript with an independent 91 

sentiment classifier, which returned three scores on positive, negative, and neutral sentiment. These 92 

three sentiment scores predicted the experimenter-assigned category with 82.7% accuracy (95% CI 93 

[75.8, 87.9], Cohen’s Κ = .74, chance = 33.3%, one-sided binomial p < .001), using a leave-one-audio-94 

out cross-validation scheme, so the experimenter categories aligned with independent sentiment 95 

analysis. Sentiment scores were embedded in two dimensions with UMAP, colored by experimenter 96 

valence category (Fig. 1d). Given these results, and to ensure equal number of trials per category 97 

across participants, we used the experimenter-assigned values for all subsequent analyses.  98 

 99 

Spatiotemporal motifs of High Frequency Activity (HFA) 100 

To identify dynamic patterns of HFA and their modulation by valence during multimodal sensory 101 
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processing, we first clustered HFA profiles into spatiotemporal motifs. We used consensus semi non-102 

negative matrix factorization (NMF)5,18,19 on the HFA responses, in which the neural time series matrix 103 

was decomposed into temporal basis and site-wise coefficient matrices (see Methods for details). We 104 

identified an optimal cluster of # = 5 spatiotemporal motifs using $! (Fig. S1a) and consensus stability, 105 

i.e. the silhouette score across 100 runs (0.985 at # = 5; Fig. S1d), with the five clusters explaining 88% 106 

variance of the input data (centered $!, NNLS refit). To determine redundancy across the identified 107 

motifs, we calculated pairwise correlation of the motifs, illustrating minimal overlap among the k patterns 108 

(Fig. S1f).  109 

In total, 1148 recording sites were assigned to at least one motif (See Methods NMF input data). To 110 

ensure that each assigned site predominantly reflected a single temporal profile, we required its largest 111 

weight to be at least 1.5 times its second largest (dominance ratio = %(#) %(!)⁄ ≥ 1.5), yielding 1010 sites 112 

that were assigned to a single motif. In addition, to identify if basis functions from NMF coincided with 113 

the actual timeseries of the HFA signals, we conducted an analysis of response onset latency (ROL – 114 

see Online Methods) on the HFA signals of the identified motifs. ROLs were extracted for every trial 115 

within each site that belonged to its corresponding HFA motif.  116 

Each motif had a distinct temporal profile, and distinct anatomical patterns emerged even though our 117 

model was agnostic to the location of the sites. HFA Motif 1 started rising early and transiently with the 118 

onset of the auditory stimulus (“audio transient”; Nparticipants = 17, Nsites = 288, ROL: 171.66 ± 4.87 ms, 119 

duration: 206.92 ± 2.02 ms, Fig. 2a, b, Fig. S1i). Motif 1 sites were over-represented in the STG relative 120 

to chance (41 of 78 STG sites, 1.9 times the expected count of labeled sites, Pearson residual = 4.28, 121 

Fig. 2a, Fig. S3g). Motif 2 had a later onset and sustained throughout the audio epoch (“audio 122 

sustained”; Nparticipants = 20, Nsites = 221, ROL: 250.52  ±  4.75 ms, duration: 214.41 ± 2.15 ms, Fig. 2e, 123 

Fig. S1i) with sites predominantly located in the MTG (Fig. 2d, Fig. S3g). Motif 3 responded transiently 124 

to face onset (“face transient”; Nparticipants = 12, Nsites = 60, ROL: 214.92 ± 9.47 ms, duration: 222.06 ± 125 

3.38 ms, Fig. 2g, h, Fig. S1i). Motif 4 responded in a more sustained manner (“face sustained”; Nparticipants 126 

= 19, Nsites = 145, ROL: 265.54 ± 7.71 ms, duration: 239.27 ± 3.21 ms, Fig. 2k). Both Motifs 3 and 4 127 

(Fig. 2g, 2j) were predominantly located in the early occipital cortex (OCC) and the fusiform gyrus (FG; 128 

Fig. S3g). Motif 5 had the latest onset (“decision”; Nparticipants = 16, Nsites = 296, ROL: 306.88 ± 8.96 ms, 129 

duration: 230.93 ± 3.38 ms, Fig. 2m, n, Fig. S1i), with sites located primarily in the midcingulate, 130 

prefrontal, and parietal cortex (MCC, LFC, OFC, SPL).  131 

 132 

HFA motifs delineate sensory modality specific responses  133 

To test whether HFA motifs were modulated by the valence of preceding audio information, a mixed-134 

effects model was applied at each timepoint, pooling all sites within a motif, and assessing an omnibus 135 

F test with a cluster-based permutation test (Fig. 2b, e, h, k, n). Only the “audio-sustained” Motif 2 136 

showed a significant valence effect using multi-level modeling, during the latter portion of the audio from 137 

320 ms to 160 ms before audio offset (cluster mass = 236.07, F(2, 19) = 3.67, partial !! = .279, 95% CI 138 

[.000, .536],  p = .039, Nparticipants = 20, Nsites = 221; Fig. 2e). Notably, this effect was confined to the late 139 

audio epoch and did not extend into the face epoch. These results suggest that sites with the “audio-140 

sustained” motif of HFA response are sensitive to semantic content of social information (presented in 141 
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audio format), whereas the HFA responses during face processing were not strongly modulated by the 142 

valence of contextual information. 143 

 144 

Spatiotemporal motifs of Low Frequency Activity (LFA) 145 

We next repeated the aforementioned analyses for LFA. We found three spatiotemporal motifs (Fig. 146 

3). This number of clusters was selected based on the variance explained, with an $! of 69% (Fig. S1j) 147 

and consensus stability of 0.998 (Fig. S1m). A total of 1360 sites were assigned to a specific motif 148 

(argmax applied and dominance ratio 	≥  1.5 thresholded). Sites from LFA Motif 1 (“deactivation”, 149 

Nparticipants = 18, Nsites = 593) were distributed across the brain (Fig. 3a) quantified by Pearson residual 150 

scores (Fig. S3b; S3h). Motif 2 (“audio-onset”; Nparticipants = 18, Nsites = 221) was primarily localized in the 151 

temporal cortex and insula (Fig. 3d; S3b; S3h). Motif 3 (“late-rising”; Nparticipants = 20, Nsites = 546) 152 

exhibited more distribution across the prefrontal and temporal cortices (Fig. 3g), including inferior parietal 153 

lobule, hippocampus, and orbitofrontal cortex (Fig. S3b).  154 

Since scalp EEG recordings have suggested that distributed LFA signals may be due to volume 155 

conduction (i.e., field spread), we examined debiased weighted phase lag index (wPLI)20, which is 156 

insensitive to zero-lag synchrony, for all within-motif site pairs in each participant. wPLI exceeded a trial-157 

shuffle null in every participant, suggesting that the LFA motifs cannot be attributed to volume 158 

conduction. 159 

 160 

LFA motifs track valence expectancy effect 161 

To test whether valence of the audio descriptions was reflected in LFA motifs, we implemented linear 162 

mixed-effects models to each motif’s LFA timeseries with three valence categories (positive, neutral, 163 

and negative) as the predictor and assessed significance with cluster-based permutation tests. Valence 164 

effects were significant for Motif 1 and Motif 3. Motif 1 (“deactivation”) exhibited a significant valence 165 

effect from 280 ms before audio offset (late audio epoch) until 384 ms after face onset (cluster mass = 166 

820.98, F(2, 17) = 5.37, partial !! = .387, 95% CI [.020, .629], p = .045, Nparticipants = 18, Nsites = 593; Fig. 167 

3b). The trial-averaged spectrogram for Motif 1 shows a decrease in power concentrated around 1–8 168 

Hz that extends up to 20 Hz (Fig. 3c). Motif 3 (“late-rising”) also showed a significant valence effect during 169 

the face epoch, from 480 ms after face onset until the end of the face epoch (cluster mass = 1231.82, 170 

F(2, 19) = 12.61, partial !! = .570, 95% CI [.217, .744], p = .008, Nparticipants = 20, Nsites = 546; Fig. 3h). 171 

Motif 2 (“audio-onset”) did not show a significant valence effect (Fig. 3e).  172 

To examine whether the valence effect extended across frequencies, we repeated the analysis 173 

across narrow band power in delta (1‒3 Hz), theta (4‒7 Hz), alpha (8‒12 Hz), and beta (13‒20 Hz) 174 

bands. For each band, we pooled all recording sites in that band and cluster p-values were corrected 175 

across the four bands with the Benjamini-Hochberg procedure, treating each band as one hypothesis. 176 

Valence effects were significant for delta band (Face onset 0–1000 ms, cluster mass = 1966.41, F(2, 177 

19) = 12.47, partial !! = .568, 95% CI [.213, .742], q = .008, Nparticipants = 20, Nsites = 1601) and theta band 178 

(100 ms before audio offset until 272 ms after face onset, cluster mass = 702.85, F(2, 19) = 7.74, partial 179 

!! = .449, 95% CI [.086, .664], q = .036, Nparticipants = 20, Nsites = 1746). Neither alpha nor beta showed a 180 
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significant effect.  181 

Expectation modulation is reflected in LFA signals, indexed by semantic embeddings 182 

To test whether contextual information modulates trial-by-trial face processing, we implemented 183 

encoding models, predicting each site’s activity from semantic and face embeddings in four epochs, and 184 

compared the unique contribution of each embedding against a temporally impossible noise floor (see 185 

Methods; Fig. 1i, j). Our primary test was whether semantic embeddings uniquely explained HFA or 186 

LFA signals during face epoch (-./%&'( → 1)*+&), which we take as expectation modulation.  187 

Our HFA encoding analysis suggests that no motif is tuned towards expectation modulation, because 188 

the -./,-./ → 1012- quadrant performance did not significantly exceed the noise floor in any of the ten 189 

Sentence-face epoch quadrants (-./,-./ → 345-1345_012-	67	-./,-./ → 34541/-_012-; all ∆7 ≤ .011, all q > 190 

.12; Fig. 4b). In contrast, the semantic embeddings significantly explained HFA trial-wise variability 191 

(-./,-./ → 34541/-	189:;) in three motifs: Motif 1 (“audio transient”; Fig. 4b, late audio ∆7 = .014, t(10.4) 192 

= 3.23, 95% CI [.004, .023], q = .026, Nparticipants = 17, Nsites = 288), Motif 2 (“audio sustained”; Fig. 4b; 193 

late audio ∆7 = .018, t(11.1) = 2.92, 95% CI [.004, .031], q = .042, Nparticipants = 20, Nsites = 221), and Motif 194 

5 (“decision”; Fig. 4b. late audio ∆7 = .015, t(15) = 3.07, 95% CI [.005, .026], q = .023, Nparticipants = 16, 195 

Nsites = 296). This result indicates that information about semantic features is encoded in HFA audio 196 

signals. In all three, the effect was carried by the late audio epoch. 197 

On the other hand, LFA Motif 1 (“deactivation”; Fig. 5) showed significant encoding model 198 

performance ∆7  for the Sentence-face epoch quadrant, i.e., expectation modulation. Semantic 199 

embeddings predicted trial-wise variance in LFA signals during the early-face epoch (-./,-./ →200 

945-1345_012-; Fig. 5d, ∆7	= .028, t(10.4) = 4.22, 95% CI [.013, .042], q = .005, Nparticipants = 18, Nsites = 593) 201 

alongside the late face window (-./,-./ → 94541/-_012- ∆7	= .027, t(14.1) = 2.40, 95% CI [.003, .050], q 202 

= .046, Nparticipants = 18, Nsites = 593). This LFA Motif 1 was the same motif that exhibited significant 203 

valence effects during the late audio epoch and face epoch (Fig. 3b).  204 

Furthermore, LFA Motif 2 showed statistical significance for models of semantic embedding 205 

predicting audio LFA signals (-./,-./ → 94541/-	189:; ∆7 = .033, t(9.2) = 4.02, 95% CI [.015, .052], q = 206 

.009, Nparticipants = 18, Nsites = 221). Lastly, Motif 3 also showed a significant performance for the sentence-207 

face quadrant, reflecting expectation modulation (-./,-./ → 945-1345_012-	∆7 = .018, t(9.5) = 3.07, 95% 208 

CI [.005, .030], q = .038, Nparticipants = 20, Nsites = 546).  209 

Taken together, expectation modulation in LFA was specific to motifs 1 and 3, in which trial-by-trial 210 

semantic embeddings predicted trial-by-trial variance in face-epoch signals. HFA motifs, in contrast, 211 

tracked semantic content only while the sentence was being heard, but not during face viewing. 212 

 213 

Neural activity of early visual regions is modulated by semantic information 214 

Recognizing that LFA Motif 1 showed a valence-dependent deactivation (Fig. 3b) and was 215 

modulated trial by trial by semantic content (Fig. 5d, g), we asked whether face associated sites carried 216 

a similar valence effect in their LFA dynamics. We selected FG and OCC sites that were assigned to 217 

HFA Motif 3 (“face transient”) and Motif 4 (“face sustained”; Fig. 6a, d), hereafter referred to as “M3 218 

visual sites” and “M4 visual sites” and examined both their HFA and LFA responses, treating sites as 219 
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the unit of analysis. Site selection was based only on motif assignment and anatomy, not valence. 220 

For HFA responses, M3 visual sites showed no significant valence effect (Fig. 6b). M4 visual sites 221 

showed a late valence effect, only from 720–1000 ms after face onset (cluster mass = 442.51, F(2, 104) 222 

= 9.48, partial !! = .154, 95% CI [.042, .276], p < .001, Nsites = 53, Nparticipants = 6; Fig. 6e).  223 

For LFA responses, both groups were modulated by valence. In M3 visual sites, a significant valence 224 

cluster began 172 ms before audio offset until 404 ms after the face onset (cluster mass = 1088.23, F(2, 225 

46) = 9.62, partial !! = .295, 95% CI [.083, .473], p = .002, Nsites = 24, Nparticipants = 7; Fig. 6c). In M4 226 

visual sites, a significant valence cluster spanned 384 ms before audio offset and until 520 ms after face 227 

onset (cluster mass = 4823.51, F(2, 104) = 28.37, partial !! = .353, 95% CI [.208, .474], p < .001, Nsites 228 

= 53, Nparticipants = 6), and a second cluster appeared 652‒952 ms after face onset (cluster mass = 477.79, 229 

F(2, 104) = 6.48, partial !! = .111, 95% CI [.017, .225], p = .043). Together, in face-associated sites of 230 

OCC and FG, the significant LFA clusters spanned late audio and face, but in HFA clusters, only in the 231 

face epoch, if at all. Most importantly, the LFA clusters included the late audio epoch, when participants 232 

were processing socially relevant information about the face that was about to appear (Fig. 6). These 233 

valence differences, evident during the late audio epoch, appeared as differences in the magnitude of 234 

LFA power suppression (i.e., LFA desynchronization). It is important to note that these valence effects 235 

were observed in these visual areas before any visual stimulus was on the screen, and that these effects 236 

carried over into the subsequent face-processing stage, manifesting as continued differences in LFA 237 

desynchronization. 238 

  239 

Discussion 240 

In this study, we used valenced audio descriptions to study the modulatory effects of expectations 241 

on face processing. Our intracranial EEG approach is well positioned to uncover the neural mechanisms 242 

of expectations by simultaneously measuring changes in the local electrophysiological “fields” with high 243 

temporal resolution and high anatomical precision. We identify frequency-specific correlates of valence-244 

driven expectations, derived from converging results from a data-driven unbiased clustering approach 245 

and an encoding model leveraging semantic embeddings from pretrained language models. 246 

 247 

Converging results across different methods of analysis 248 

The two-step approach of clustering and encoding models enabled investigating expectations in an 249 

unbiased manner. First, the clustering approach allowed neural motifs to be discovered from the data 250 

rather than prior anatomical or functional assumptions. As motifs were agnostic to valence information, 251 

the subsequent valence tests avoid circularity. Grouping sites by temporal dynamics rather than by 252 

anatomical location also suited our sparse and heterogeneous coverage, allowing recordings from 253 

different participants to be pooled, and the motifs nonetheless emerged with coherent anatomical 254 

distributions. Second, the embedding approach allowed for quantification of expectations across 255 

modalities. So far, embeddings and encoding models have mainly been used to characterize how the 256 

brain processes the current stimulus, including embeddings to depict current visual scenes21,22 or 257 

language predicting upcoming words23,24. Our study extends the prior approach by using embeddings 258 
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for cross-modal expectations, in which semantic embeddings of audio descriptions predict neural 259 

responses of subsequently presented face. 260 

With both approaches, we found converging results across 1) condition-based aggregation, as 261 

reflected in the cluster-based permutation F tests based on the motif-derived profiles and 2) trial-by-trial 262 

embedding analyses predicting LFA signal variability within each motif. In both approaches, we 263 

consistently found that LFA Motif 1 and Motif 3 are modulated by expectations, in which semantic 264 

embeddings predict trial-by-trial LFA signal variance. Lastly, within visual areas – thought to be sensory 265 

specific regions- we report significant expectation-modulated valence effects, with a peculiar signature 266 

of LFA deactivation (i.e., desynchronization), long associated with active cortical engagement25. We 267 

suggest, however, that the low-frequency dynamics we observed may reflect a broad low-frequency 268 

suppression (1–8 Hz) rather than a classical event-related desynchronization in a specific narrowband 269 

rhythm (e.g., theta26 or alpha27 rhythms).  270 

 271 

Division of labor between LFA and HFA 272 

Our clustering-valence approach revealed frequency-specific contributions in terms of 1) valence 273 

information, 2) sensitivity to sensory input, and 3) anatomical distribution. Valence information was 274 

reflected in the slower LFA consistent with context modulation, whereas only one of the HFA clusters 275 

showed a significant valence effect in the late stage of audio processing. In addition, HFA clusters 276 

exhibiting sharp temporal profiles aligned with the onset of sensory input, whereas low frequency 277 

clusters were sustained and smoother across the audio and face epoch. Lastly, HFA clusters were 278 

anatomically focal, covering temporal or ventral occipitotemporal cortex, whereas LFA clusters were 279 

relatively dispersed and distributed, covering wider ranges across the prefrontal and parietal lobes. The 280 

embedding approach augments these findings and confirms the convergence of LFA-modulated 281 

valence results. Trial-by-trial estimation of expectations shows that LFA signals are best predicted by 282 

semantic embeddings during the face epoch, whereas HFA signals were not. These findings are 283 

noteworthy for quantifying expectations and identifying their effects during sensory processing. 284 

In terms of LFA dynamics, we deliberately characterized LFA as broadband 1‒8 Hz power, spanning 285 

the bands traditionally labeled as delta and theta, for two reasons. First, human hippocampal findings 286 

suggest prominent oscillations at ~3 and ~8 Hz28. These fall on either side of the traditional delta-theta 287 

boundary, which merits a broadband LFA. Second, power in this range reflects substantial aperiodic 288 

activity in addition to oscillations29 and aperiodic shifts track changes in cognitive states30,31. Our findings 289 

of LFA dynamics converge with prior evidence: low-frequency dynamics operate as a genuinely 290 

distributed network phenomenon at the iEEG meso-scale level32; aperiodic activity shifts during the 291 

encoding of valenced words predict later recall33; and an MEG study found that LFA during word 292 

encoding is modulated by different contexts34. Based on these lines of evidence, and our own findings, 293 

we raise a hypothesis for future testing: extracting socially relevant, valenced information and integrating 294 

it with task instructions requires the coordination across widespread cortical and subcortical regions, 295 

and this coordination may largely depend on LFA dynamics.  296 

In terms of HFA dynamics, our findings are also in keeping with the extant evidence correlating focal 297 

cortical processing and high-gamma activity35,36. In our study, HFA was tightly coupled to the sensory 298 
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properties of the stimuli. During auditory processing, for instance, we found motifs of both transient and 299 

sustained activities, paralleling the recent findings from recordings in the human superior temporal 300 

gyrus37. During face processing, we found temporal specific motifs that were time-locked to the onset of 301 

face stimulus whose anatomical substrates lie primarily in visual cortices including the fusiform gyrus 302 

and lateral occipital cortex, mirroring findings of face processing from single unit recordings7. Notably, 303 

the clustering model operates on the temporal response profiles only, with no knowledge about where 304 

the sites are located. Therefore, the emergence of spatially coherent clusters – only evident when we 305 

visualize post-hoc – points to another validation of our cluster solution, at least in the HFA. 306 

 307 

Our study has several limitations that bound our interpretation. First, although we found a valenced 308 

expectation effect on neural activity during face viewing, our data cannot establish whether this reflects 309 

an affective state co-occurring with face viewing, a genuine perceptual modulation of the face stimulus, 310 

or both. That the LFA effects extended into early visual areas indicates that low-frequency valence-311 

related modulation is not confined to higher-order regions, and the presence of a delayed, focal HFA 312 

valence effect in these visual areas is interesting and needs to be explored in more depth in the future. 313 

Distinguishing these mechanisms will require more granular and trial-wise neuronal or neuronal 314 

population recordings combined with causal perturbations.  Second, LFA is a population-level signal, 315 

and we cannot resolve how it relates to the single-neuron, face-patch computations that primate work 316 

has characterized in detail (e.g.,38,39); bridging our distributed low-frequency dynamics to that cellular 317 

level will require large scale microelectrode recordings across multiple cortical sites and layers. Using 318 

single-cell recordings from different cortical layers (known to be associated differently with generation 319 

of HFA and LFA40-43) may help us to explore the different origins of the HFA and LFA signals we highlight 320 

here, and how each is modulated by expectations 321 

Notably, in face-associated visual sites the HFA valence effect was observed only late in the face 322 

epoch (720–1000 ms), well after the initial, stimulus-locked HFA responses and after the contextual 323 

signal was already present in LFA. Because HFA indexes local, feedforward population activity, the 324 

absence of an early HFA valence effect is consistent with a largely stimulus-driven initial sweep, while 325 

its late emergence, i.e., arriving after the distributed low-frequency context signal, is the temporal pattern 326 

one would expect if regions carrying the prior fed back onto sensory cortex once contextual information 327 

had been integrated. This ordering, an early and sustained low-frequency context signal followed by a 328 

late high-frequency re-engagement of sensory cortex, aligns with laminar accounts in which feedback 329 

is conveyed at lower frequencies and feedforward processing at higher frequencies13-16. We emphasize, 330 

however, that our data establish timing, not directionality; testing a feedback interpretation directly will 331 

require connectivity or laminar analyses that resolve the flow of information between contextual and 332 

sensory regions. 333 

In closing, our work shows that a valenced social prior, conveyed by a spoken description about a 334 

person, is carried forward by distributed, low-frequency neural dynamics into the processing of that 335 

person's face, reaching as far as early visual cortex. High- and low-frequency activity contributed in 336 

different ways: high-frequency responses were focal and stimulus-locked, tracking semantic content 337 

chiefly while the verbal description was heard, whereas low-frequency activity carried the prior, broadly 338 



11
 11 

and across time, from the audio into face viewing. Rather than a strict division between sensory and 339 

contextual processing, our results point to frequency-specific contributions that together allow prior 340 

social knowledge to shape how a face is processed. Whether this reflects a change in perception itself, 341 

or an affective state accompanying it, is a question that more granular neuronal recordings in the future, 342 

combined with perceptual report and causal perturbations, will be well positioned to resolve. 343 

 344 

Online Methods 345 

Informed Consent  346 

All procedures were approved by the University’s Institutional Review Board (IRB), and the 347 

experiment was conducted in accordance with IRB’s guidelines in each participant’s own hospital room. 348 

All participants provided informed consent for voluntary participation. 349 

 350 

Acquisition of iEEG data  351 

Data were acquired using intracranial electrodes (AdTech, Wisconsin-USA, subdural N = 3; 352 

stereotactic depth N = 16; Both = 1). Subdural electrode contacts were evenly spaced (10 mm apart) 353 

disc-shaped electrical contacts (diameter: 2.3mm) on silicon sheets. Depth electrodes with evenly 354 

spaced (3 or 5 mm) contacts (diameter: 0.86 mm; height 2.29 mm), recorded via the Tucker Davis 355 

Technologies (TDT) system. The iEEG signals were recorded with a sampling rate of 1000 Hz for each 356 

participant.  357 

Our recordings are predominantly stereotactic depth electrodes (SEEG), reflecting a shift in clinical 358 

practice44 – but also include a few patients with subdural grids (ECoG), specifically for clinical purposes. 359 

Rather than a limitation, this combination proved complementary: ECoG provides dense, continuous 360 

sampling of the ventral cortical surface ‒ including fusiform and occipital cortex that is seldom reached 361 

by depth electrodes, whereas SEEG offers access to deep, distributed, and subcortical sites across the 362 

brain. The ventral-surface coverage from our ECoG cases was, in fact, essential to the analysis of early 363 

visual regions reported here, which would not have been possible with depth electrodes alone. Together, 364 

the two approaches afforded both the surface density and the spatial breadth needed to track a 365 

distributed, low-frequency signal from higher-order regions into face-associated regions. 366 

 367 

Experimental Design 368 

To investigate expectation modulation, we examined face processing as a function of prior audio 369 

descriptions (Fig. 1). For a given trial, participants listened to short audio clips, which succinctly 370 

described the characteristic of an upcoming face (“audio”), then viewed a face for one second (“face”). 371 

Fourteen of the 20 participants provided subjective ratings of how they felt (“rating”) after viewing the 372 

face (−3 for extremely negative and +3 for extremely positive). A jittered inter-trial interval was presented 373 

with a crosshair at the beginning of each trial. Each run consisted of 50 trials, and each participant 374 

completed three runs in total (150 trials; 129 for three participants). Audio clips varied in length but 375 

ranged from 1.0 seconds to 1.2 seconds. The audio descriptions were drawn from a previously validated 376 
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study45 (normed in 30 participants), with short descriptions about a person (e.g. “cares for elderly”, 377 

“beats skin cancer”, “betrays friends”) spanning three valence conditions – positive, negative, neutral 378 

– matched by topic (e.g. disease, friendship) to ensure within valence condition comparisons were 379 

equally matched. The audio was recorded in a standardized tone, to prevent valence-related confounds, 380 

such as prosody of the tone. To ensure equal length of trials, audio trials were padded with silence 381 

periods accompanied with crosshairs, extending up to 1.5 seconds. Face stimuli were derived from face 382 

databases (Chicago face database46; Oslo face database47), all faces were white adults and balanced 383 

for sex, matched on low-level features (i.e. size, luminance, contrast, and spatial frequencies), as well as 384 

higher-order features (e.g. attractiveness, trustworthiness, pleasantness, or threat between 385 

conditions)45. 386 

 387 

Behavioral ratings and sentiment analysis on valence categories 388 

To examine subjective face ratings as a function of valence categories of verbal descriptions, we 389 

used a linear mixed-effects modeling approach to single trials from 14 participants who provided ratings: 390 

7;<=>%	~	@;AB>CB	 +	(1 + @;AB>CB|GH/IBC<) . The valence effect on face ratings was tested with an 391 

omnibus F-test (with degrees of freedom approximated by Satterthwaite’s method).  392 

To examine the experimenter-assigned valence categories, we used an independent sentiment 393 

analysis to test for convergence. We scored each audio transcript (150 audio descriptions, 50 per 394 

category) using a pretrained transformer sentiment classifier (DeBERTa-v3-base, yangheng/deberta-395 

v3-base-absa-v1.1). For each transcript, this returned a vector with three class probabilities (positive, 396 

negative, neutral). We predicted the experimenter-defined categories using logistic regression, using a 397 

leave-one-audio-out cross-validation scheme. We report accuracy against chance, i.e. 33.3%. To 398 

visualize the three-value sentiment scores, we embedded the probability vectors with UMAP for 399 

dimensionality reduction (umap-learn v0.5; n_neighbors = 50, min_dist = 0.3, n_components = 2, 400 

Euclidean metric, random_state = 42). The UMAP embedding was used for visualization purposes only.  401 

 402 

Data preprocessing 403 

The site time series was preprocessed with the following steps on the 2836 analyzable sites: (1) 404 

downsampled to 500 Hz, (2) applied notch filter for 60 Hz and harmonics, (3) flagged outlier channels 405 

based on power spectra density, (4) applied common average referencing, and (5) decomposed time-406 

frequency spectra. Channels with excessive noise or epileptiform activity were flagged during 407 

preprocessing and were removed from common average referencing and all subsequent analyses. For 408 

Low Frequency Activity (LFA), we used a range of frequencies from 1‒8 Hz; for High Frequency Activity 409 

(HFA), we used frequencies ranging from 70‒170 Hz. Each signal was z-scored to the mean and 410 

standard deviation of each run. 411 

 412 

Epoching band-wise frequency activity 413 

To examine the neural dynamics of audio-based modulation reflected in HFA and LFA activity, each 414 

frequency band was epoched separately for each site, time-locked to three events: early audio (0–500 415 
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ms after audio onset), late audio (-500–0 ms prior to audio offset), and face (0–1000 ms after face 416 

onset). We refer to these as the early audio, late audio, and face epochs. Each trial’s band-amplitude 417 

was smoothed using a Gaussian kernel over a temporal window of 100 ms with a standard deviation of 418 

20 ms. Outliers were detected using Mahalanobis distance (p < .001) across epochs, using mean values 419 

from each epoch; trials flagged as outliers in any epoch were removed across all epochs to ensure a 420 

consistent set of trials for cross-epoch comparisons. On average, 4.3 and 4.5 trials were removed from 421 

HFA and LFA signals respectively, which account for 3% out of 150 trials. Included trials were then 422 

normalized relative to baseline period (-500 to -200 ms in relation to fixation termination): baseline 423 

samples were pooled across trials into a single reference distribution; the resulting mean and standard 424 

deviation was used to z-score each trial epoch’s response. Then, the normalized epoch of interest was 425 

compared against normalized baseline using a paired t-test at each epoch (p < .05, uncorrected, two-426 

sided). Only sites with at least one significant epoch compared to baseline were included in subsequent 427 

analyses, resulting in 1574 HFA and 1752 LFA sites.   428 

 429 

Epoching time-frequency spectrogram 430 

Using the common average referenced signal, a complex Morlet wavelet convolution was applied 431 

across 1‒256 Hz frequency (59 log-spaced). The squared magnitude of the wavelet coefficients resulted 432 

in a power estimate per frequency and timepoint, downsampled to 200Hz, resulting in a raw linear power 433 

spectrum. Within each site, this power spectrum was epoched, and each frequency was normalized 434 

against a pooled fixation baseline (-500 ms to -200 ms in relation to fixation termination), resulting in a 435 

frequency trial time matrix, later averaged across trials. Per motif, trial-averaged spectrograms were 436 

aggregated across member sites. Using linear mixed-effects modeling, we tested whether the average 437 

time-frequency value at each cell across sites from the same motif was significantly different from zero, 438 

J	~	1	 +	(1|GH/IBC<), with participants modeled as random intercepts (fit by maximum likelihood; two-439 

sided at the cell level; df = Nparticipants – 1). Cells with p < .05 were split by the sign of t, therefore positive 440 

and negative effects formed separate clusters. A cluster’s mass was the sum of its t values. For our 441 

cluster-based permutation, a circular shift null was applied to the time and frequency domain, applied to 442 

all sites belonging to a subject, and the largest positive and negative cluster masses were recorded 443 

across 1000 permutations. A positive cluster was significant if fewer than 5% of permutations produced 444 

a larger positive mass, and a negative cluster was significant if fewer than 5% of the permutations 445 

produced a more negative mass (one-tailed per sign, K = .05). 446 

 447 

Consensus semi- non-negative matrix factorization 448 

Input data 449 

Only frequency-significant sites, i.e. those that showed a statistically significant response relative to 450 

fixation baseline, in at least one epoch (early audio, late audio, face) were included in the clustering 451 

pool. To recap, of 3022 implanted electrodes (hereafter referred to as “sites”), 2836 sites were 452 

analyzable after excluding 130 sites outside the brain and 56 sites in lesioned tissue, unlabeled, or 453 

cerebellar tissue. We then removed 689 noisy sites using quality control metrics, leaving 2147 sites. We 454 

retained only task-responsive sites, defined as those showing a significant average response relative to 455 
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fixation baseline (paired t-test, p < .05 uncorrected) within at least one epoch (early audio, late audio, 456 

face). This threshold serves as an inclusion criterion, akin to prior work that restricted analyses to task-457 

selective sites selected by model fit37. This resulted in 1574 sites for HFA and 1752 sites for LFA data. 458 

For the 1574 HFA sites, 1148 received a non-zero weight by at least one motif and 426 received all-459 

zero coefficients, i.e. not assigned to any motifs. Out of 1752 LFA sites, 1739 received a non-zero weight 460 

by at least one motif and 13 received all-zero coefficients. 461 

For each retained site, trial-wise average HFA and LFA time-series were computed, respectively, 462 

yielding a single response profile that spanned the full stimulus sequence of audio-to-face epochs. 463 

Timeseries were down sampled to 250 Hz prior to factorization. This produced a data matrix L ∈ R<×> 464 

(timepoints ×	sites). Because each epoch was normalized to the overall baseline, X is signed: negative 465 

values denote below-baseline activity. 466 

 467 

Semi-NMF 468 

To identify prototypical neural profiles for auditory and face epochs, we applied matrix factorization 469 

to the input data.  While standard NMF18 decomposes a non-negative data matrix into non-negative 470 

factors, because our data was signed with positive and negative values in the neural time series, we 471 

used convex NMF, following the approach of Hamilton and colleagues37. Standard NMF starts with 472 

decomposing L ∈ ℝ?×@ (timepoints × sites) into a basis matrix Q ∈ ℝ?×A(timepoint × motifs) which contains 473 

R temporal motifs and a coefficient matrix S ∈ ℝB
@×A  (sites×motifs) which contains each site’s motif 474 

weight, such that: 475 

L ≈ QSC. 476 

Convex NMF additionally constrains each motif to be a convex combination of the observed site time 477 

series: 478 

 Q = LV with V ∈ ℝB
>×D

 479 

Thus, non-negativity is imposed only on V	and S whereas Q remains signed and can represent 480 

below-baseline responses. This formulation is a form of semi-NMF. Because the site weights are 481 

constrained to be non-negative, each site’s response is represented as an additive combination of 482 

temporal motifs. The resulting motifs therefore remain interpretable in the units of the neural data. Unlike 483 

principal component analysis, which identifies orthogonal directions that maximize variance, NMF 484 

produces non-orthogonal additive motifs whose shapes can be compared directly with observed 485 

responses. We applied convex NMF to the high-frequency activity (HFA) and low-frequency activity 486 

(LFA) time series from all stimulus-responsive sites. 487 

The weight matrix V was initialized using the leading # eigenvectors of the site-by-site Gram matrix 488 

WCW, scaled to have unit Frobenius norm; the eigenvectors were subjected to varimax rotation and 489 

converted to absolute values. For each consensus run, we perturbed this initialization with small 490 

amounts of random noise, using fixed random seeds to ensure reproducibility, and then normalized 491 

each row of V to sum to one. The coefficient matrix X was initialized using a hard assignment of each 492 

site to the motif with the largest corresponding weight in V19, adding 10-4 to all entries, and normalizing 493 

each site’s row to sum to one. X and Y were then updated alternately with the multiplicative update rule 494 
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from Ding and colleagues19, with each update ratio clipped to [0, 10] and entries floored at 10-10 until the 495 

relative change in reconstruction error fell below 10-5 or for at most 500 iterations. After every update, 496 

Y was again row-normalized. This per-iteration row normalization was our addition, intended to give 497 

each site equal weights in constructing the motifs.  498 

For each run, we recovered the signed temporal motifs by ordinary least squares:  499 

Z = WX(XCX)EF 500 

This estimate minimizes reconstruction error in W ≈ ZXC while allowing the temporal motifs to contain 501 

negative values and thereby capture below-baseline neural responses. These least squares motifs, 502 

rather than LV, were used in subsequent steps; therefore, not constrained to convex combinations of 503 

neural time series.  504 

 505 

Consensus NMF 506 

Convex NMF is a non-convex optimization problem without a unique closed-form solution, and its 507 

results can depend on the initialization. We therefore developed a consensus semi-NMF procedure that 508 

combines convex NMF19 with consensus clustering5. This procedure identifies motifs that recur across 509 

multiple initializations, reducing the influence of initialization-specific solutions and providing a more 510 

robust representation of the underlying neural response patterns. 511 

We evaluated candidate model ranks from R = 2 to R = 32. For each value of R, we performed 100 512 

convex NMF runs using independently jittered varimax initializations. The k temporal motifs obtained 513 

from each run were then stacked to form a ([\\ ∙ R) × ^ matrix, with one motif per row. Each row was 514 

normalized to unit L2 norm, and anomalous motifs were removed using local-density filtering based on 515 

Euclidean distances. 516 

We then applied k-means clustering to the filtered motif matrix, grouping corresponding motifs across the 517 

100 runs into k clusters. Silhouette scores were used to quantify the separation and stability of these clusters 518 

across initializations. For each cluster, the consensus temporal motif was calculated as the pointwise median 519 

of the unnormalized temporal motifs assigned to that cluster, yielding the final consensus motif matrix, Z. 520 

After fixing Z we estimated the non-negative site coefficient matrix G by solving a non-negative least-521 

squares problem 522 

_`aGHI	||W − ZXC||JK 523 

The resulting matrices provided the consensus reconstruction W ≈ ZXC,  in which Z contained the stable 524 

signed temporal motifs and G quantified the non-negative contribution of each motif to each recording site. 525 

 526 

Identified k 527 

Optimum k was selected by balancing 1) variance explained $! (Fig. S1a for HFA, S1j for LFA), 2) 528 

consensus stability (Fig. S1d, S1m). Using the balance between variance explained from the final 529 

solution and consensus stability score across the 100 solutions, we selected R = 5 for HFA data and R 530 

= 3 for LFA data. 531 

 532 

Dominance ratio for thresholding 533 
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To ensure highly confident clusters with unambiguous assignment, we first calculated a soft 534 

membership distribution across identified R clusters by row normalizing the site coefficient matrix S. 535 

Then, sites were assigned to their dominant cluster using argmax. Finally, to exclude ambiguous sites, 536 

we applied a dominance ratio of 1.5, i.e., only if the maximum weight was greater than 1.5 times the 537 

second maximum weight. Sites that failed to meet this threshold were marked as unassigned and 538 

excluded from subsequent analyses. Based on this, 1010 HFA sites and 1360 LFA sites were included 539 

in the final analysis for the following valence-wise analysis.  540 

 541 

Affect-wise analysis and permutation-based statistical significance 542 

To evaluate the main effect of valence on HFA and LFA motifs, we applied a cluster-based 543 

permutation test (CBPT). For each timepoint, we fit a linear mixed-effects model (lme449):  544 

J	~	@;AB>CB	 +	(1	 + 	@;AB>CB	|	GH/IBC<) 	+	(1	|	GH/IBC<: G=<B) 545 

Valence was coded as two orthogonal contrast codes: linear (positive = +1, neutral = 0, negative = 546 

−1) and quadratic (positive = negative = +1, neutral = −2). When a model with correlated random slopes 547 

failed to converge or was singular, we refit it with uncorrelated random slopes. The omnibus effect of 548 

valence was tested with a Wald F statistic on both contrast terms, with degrees of freedom (2,	Nparticipants 549 

– 1).  550 

For cluster-based permutation tests, contiguous time points that exceeded the critical F threshold at 551 

K = 0.05 for approximately 50 ms (13 samples) were grouped into clusters. A cluster’s mass was the 552 

sum of the F-statistics within each cluster. To build the null distribution, we ran 1000 permutations. In 553 

each one, the three valence labels were randomly permuted within each participant, and the same 554 

relabeling was applied across all sites belonging to the participant and to every timepoint. For each 555 

permutation, F-statistic was recomputed at every timepoint, and the largest cluster mass was retained. 556 

Each observed cluster was compared with the upper tail of this null distribution and clusters with p < .05 557 

were considered significant48. The F-mass null controls the family-wise error rate across timepoints 558 

within a motif; no further correction was applied across motifs.  559 

 560 

Response onset latency (ROL) analysis 561 

To validate that HFA spatiotemporal motifs reflect the temporal dynamics of individual sites, we 562 

implemented a response onset latency analysis at the single-trial level. First, for each site, significant 563 

response periods were identified by establishing a threshold, pooled across all trials of a site, using 564 

10,000 randomly sampled 300 ms time window. Only time points that exceeded 1.5 SD above the null 565 

distribution for at least 100 ms consecutively were considered as significant time periods. This method 566 

allows for the exclusion of transient fluctuations in the signal. Next, for each significant response period, 567 

we estimated the slopes of these time windows, to capture the rise of the HFA or LFA signals. We 568 

calculated the slope with linear regression using a rolling window of 100 ms with 10 ms strides, within a 569 

300 ms time window. Top five maximum slopes were identified and the onset of the window with the 570 

smallest sum of squared errors served as the ROL at the single-trial level.  571 

ROLs were analyzed with linear mixed-effects models (lme449) for the early audio, late audio, and 572 
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face epoch respectively. Single trial ROLs were modeled as a function of motif, with subject-wise random 573 

intercept and random slopes, and random intercepts for each site nested within participants:  574 

$d9	~	.6<=e + (1 +.6<=e	|	GH/IBC<) + (1	|	GH/IBC<:	G=<B) 575 

ROLs are reported as model-estimated means ± SE. In addition, response duration was defined as the 576 

length of these significant response periods, from ROL to the end of suprathreshold period, and was 577 

analyzed using the identical mixed-effects model as above.  578 

 579 

Encoding model: feature extraction from audio, visual transformer models 580 

To quantify how audio expectations influence face processing, we leveraged high-dimensional 581 

embeddings from transformer language models. This approach captures the unique semantic content 582 

of audio descriptions as a quantitative feature vector, allowing for a trial-by-trial estimation of 583 

expectation-driven face processing. In other words, we examined whether the semantic vectors are 584 

inherently reflected in the face processing epoch. Notably, the audio descriptions were presented 585 

temporally independent of the face stimulus, ensuring that correlations between the semantic 586 

embeddings and neural activity during the face epoch reflected “expectancy modulation” rather than 587 

sensory-driven processing. In addition to semantic embeddings, we also included ArcFace embeddings 588 

to capture face-related signal variability. 589 

 590 

Feature Extraction 591 

Audio stimuli and Sentence Embeddings.  592 

To quantify the semantic content of the audio, we utilized a high level “sentence embedding model” 593 

(all-MiniLM-L6-v250). First, word-level transcripts with precise timestamps were extracted from audio 594 

descriptions using Whisper51 with the ‘base’ model via the whisper-timestamped package. Transcripts 595 

were manually verified for accuracy. Next, semantic content was quantified using the all-MiniLM-L6-v2 596 

sentence transformer model. For each trial, word-level transcripts were concatenated into a sentence, 597 

encoded into 384-dimensional embeddings, reflecting sentence-level holistic context, rather than 598 

individual word-level syntax. Embeddings were temporally aligned to the onset of the audio epoch and 599 

modeled to sustain throughout audio duration (mean: 1.119 sec, range: 1‒1.2 second), essentially 600 

aligned it with the neural data. Audio length across valence conditions did not differ, F(2, 147) = 2.30, 601 

!! = .03, 95% CI [.00, .10], p = .104. 602 

 603 

Face stimuli and ArcFace Embeddings 604 

In addition to the semantic embeddings, we included face embeddings from “ArcFace”52 via the 605 

DeepFace framework with RetinaFace detection. Each image was inputted to the ArcFace architecture, 606 

identical to how it was presented during the experiment; no preprocessing applied. The face stimuli were 607 

embedded in 512-dimension latent space. 608 

 609 

Dimensionality Reduction and Normalization 610 

To reduce dimensionality of the feature embeddings, prior to cross-validation, principal components 611 
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analysis (PCA) was applied independently to each feature type – semantic and ArcFace embeddings – 612 

across the full stimulus set prior to cross-validation. PCA was applied to all stimuli (pooled across trials 613 

and runs) and the resulting projection matrices were fixed across all analyses to ensure consistent and 614 

interpretable components. This reduced the original sentence embeddings (384 dimensions) and 615 

ArcFace embeddings (512 dimensions) to 40 components each, explaining 74.7% and 74.1% of the 616 

variance, respectively. Following PCA, the reduced 40-d feature vectors were concatenated horizontally, 617 

resulting in a combined feature matrix of 80 principal components per trial (trials × PC components). 618 

Within each cross-validation fold, features were z-score normalized using training set statistics to prevent 619 

information leakage across folds. The same fold-wise z-scoring was applied to the neural response 620 

matrix Y. 621 

 622 

Ridge regression 623 

For each site, we predicted neural activity as a function of the Sentence and ArcFace embeddings 624 

using L2-regularized ridge regression. Ridge regression is well-positioned for high-dimensional 625 

correlated feature spaces; L2 regularization shrinks the coefficients by penalizing extreme values and 626 

prevents overfitting of the beta weights using ridge penalty α, stabilizing the solution. Models were 627 

trained separately for four epochs of interest — early audio (0–500 ms), late audio (-500–0 ms pre-offset 628 

of audio), early-face (0–500 ms) and late-face presentation (500–1000 ms). For each epoch, the neural 629 

data was down sampled to 100Hz and stacked across trials, resulting in a trial × timepoint matrix Y. 630 

A random holdout (CV) scheme was used to estimate model performance and optimize 631 

regularization parameters. In the outer loop, we applied shuffle split 20 times, in which 20% of the data 632 

were held out as a test set. Model was estimated on remaining 80%. Within the inner loop, using the 80% 633 

training set, the ridge penalty α was selected via 20 bootstrap resamples from a log-spaced grid of 40 634 

values ( α ∈ [10E#, 10L]). In each resample, trials were drawn with replacement; undrawn trials serving 635 

as validation set. For each bootstrap resample, MSE was calculated for all 40 alpha values per timepoint. 636 

MSE was then averaged across 20 resamples, resulting in an average MSE matrix (40 alpha 637 

×	timepoint). From that, best alpha was selected per timepoint based on minimum MSE and later used 638 

in the outer training set. Outer loop model performance was determined by the Pearson correlation 639 

between model-predicted and actual neural activity, clipped at zero and squared to yield $!. $! values 640 

were averaged across the 20 outer folds, resulting in a final average $! timecourse per site per epoch. 641 

 642 

Unique variance partition 643 

To test for each feature’s unique contribution to the brain data (HFA and LFA amplitude), we tested 644 

eight quadrants of 4 neural epochs (early audio, late audio, early-face, late-face)	× 2 feature embeddings 645 

(semantic, ArcFace). Neural data was downsampled to 100 Hz; embeddings were reduced to the first 646 

40 principal components. For each site and epoch, three ridge regression models were fit: (1) semantic 647 

embeddings alone (-./,-./), (2) ArcFace embeddings alone (-./M32N12-), and (3) the full model 648 

(-./,-./BM32N12-) of semantic and face features. Each timepoint from an epoch was an independent 649 

target to be estimated. Model performance was estimated with nested cross-validation. Unique variance 650 

was computed as the semi-partial $!, using cross validated $! values of the full model minus that of 651 
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the model without that embedding, to isolate unique variance contributions of each embedding in 652 

each epoch. This was computed at every timepoint, providing one unique time-course per site and 653 

quadrant. For example, the unique variance of sentence embeddings was: 654 

kl,-./→012- = $!(-./,-./BM32N12- → 1012-) − $!(-./M32N12- → 1012-) 655 

Specifically, for expectation modulation, the key quadrants were the sentence embeddings predicting 656 

face-epoch activity m-./,-./ → 1012-E-1345,			-./,-./ → 1012-E41/-n. We predicted HFA and LFA activity as 657 

a function of semantic and ArcFace embeddings during different epochs and looked for traces of 658 

semantic information during the face epoch to investigate expectancy modulation. 659 

 660 

Encoding model performance metrics 661 

To test the relative contribution of each feature embedding to a specific epoch, we compared each 662 

quadrant against an empirical noise floor. The noise floor was the two quadrants, in which the ArcFace 663 

embedding predicts the early audio and late audio signals, as it was temporally impossible to use a face 664 

feature to predict a preceding auditory signal: A face feature cannot predict an auditory signal that comes 665 

before the face appears, so any unique variance explained within these noise floor quadrants reflects 666 

spurious correlations, inherent in the statistical profile of the ArcFace embeddings and the experimental 667 

data. Thereby, we averaged the two quadrants into a single noise floor per site, kl04;;3. 668 

For each site and quadrant, we took the peak unique variance across time points in the epoch, i.e. 669 

.;o(kl. We converted the unique variance to correlation units with signed square root, r(x) 	= 	sign(x) ∙670 

v|x|. For each band, motif, and quadrant, we fitted linear mixed-effects models to every site assigned 671 

to that motif.  672 

7 ∼ xP + x#⏟
QR

o + (1 + o ∣ GH/IBC<) + (1 ∣ GH/IBC<: G=<B), 	 o = {1 quadrant	of	interest

0 noise	floor
 673 

	∆7	 = 	<BG<B|	}H;|7;><	 − 	>6=GB	eA667 674 

The fixed effect o, =. B. ∆7,	is the difference between the quadrant of interest versus the noise floor in 675 

correlation units and was tested using a one-sided t-test. Subject-wise difference scores, i.e. the effect 676 

of x, was allowed to vary across participants (random slope), with sites nested within participants. If the 677 

correlated random effects fit was singular or did not converge, we refitted the model with uncorrelated 678 

random effects (1	 + 	o	||	GH/IBC<	). P values were FDR-corrected (Benjamini-Hochberg) for multiple 679 

comparisons across the six quadrants of interest ( -./,-./ → 1-1345	189:;, -./,-./ → 141/-	189:;,680 

-./,-./ → 1012-E-1345, -./,-./ → 1012-E41/-, -./M32012- → 1012-E-1345, -./M32012- → 1012-E41/-). 681 

 682 

Valence effects in face associated visual sites 683 

To test whether valence modulated activity in face associated visual sites via LFA dynamics, we 684 

selected sites in FG or OCC that were assigned to HFA Motif 3 and Motif 4, based on motif-to-ROI 685 

distribution (Fig. S3g). Motif 5 sites were not selected, as they were predominantly located in 686 

midcingulate, prefrontal, and parietal cortex (MCC, LFC, OFC, SPL). 687 

Site selection depended only on motif assignment and anatomy, not on valence information. This 688 

resulted in Motif 3 (25 sites, 7 participants) and Motif 4 (53 sites, 6 participants). One of the 25 Motif 3 689 
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visual sites did not meet the LFA inclusion criterion (no significant LFA response relative to baseline in 690 

any epoch), leaving 25 sites for HFA and 24 sites for LFA analysis. Because these regions were 691 

implanted in few participants, we treated sites as the unit of analysis (pseudopopulation approach), 692 

rather than using the participant-level mixed effects model. For each motif group, we tested the effect 693 

of valence with a one-way repeated-measures F-test with the cluster-based permutation approach 694 

described above (Method - Affect-wise analysis and permutation-based statistical significance), with two  695 

differences: a) the cluster forming threshold was Fcrit(2, 2×(Nsites – 1)) instead of Fcrit (2, Nparticipants – 1), 696 

b) valence labels were permuted independently within each site instead of once per participant and 697 

shared across that participants’ site. This pseudopopulation approach is more liberal than the 698 

participant-level tests; the results describe the sampled sites rather than generalizing to the population 699 

level.  700 

701 
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Figures and Legends 722 

 723 

Fig. 1. Study overview. a, experimental design. Each trial consisted of a fixation cross, followed by 724 

audio descriptions, face image, and a rating phase. Participants listened to an audio clip without any 725 

visual stimuli on the screen. These clips carried positive, negative or neutral valence and briefly 726 

described the upcoming face (e.g., “yells at coworkers”, “offers to help” or “works near friends”). After 727 

the audio clips, they saw the face (gender balanced and without any emotional expression). Lastly, they 728 

rated how they felt about the face. b, Site coverage across participants (N = 2836 sites). c, Face ratings 729 

differed as a function of valence; each data point represents subject-wise averages for a given valence 730 

condition. Asterisks (***) indicate p < .001. d, Experimenter-assigned valence categories align with 731 

independent sentiment analysis vectors. e, Analysis pipeline. Data from each site (trial × time) was 732 

preprocessed into HFA and LFA signals. From that, signals were epoched into 1) early audio, 2) late 733 

audio, 3) face epochs. f, To identify significant sites for a given epoch, we compared mean epoch signals 734 

against a baseline fixation epoch (500 to 200 ms before fixation termination). Sites were considered 735 

significant if any mean epoch was significantly different from the baseline fixation epoch. Two example 736 

sites demonstrate the sites responsive during audio in the superior temporal gyrus and face epoch in 737 

the fusiform area. g, Audio and face stimuli were represented as semantic and face embeddings. h, 738 

Using ridge regression, we conducted 2 embeddings × 4 epoch models (8 quadrants), which estimate 739 

the neural data as a function of semantic or face embeddings. Model weights were trained on the training 740 

set (shuffle split 80/20) and tested on the held-out data. i, Model performance was determined as the 741 

$! between predicted and held-out test data. j, Metrics were represented as ∆7 between quadrants of 742 

interest and noise floors (values are illustrative). We denote a noise floor (NF; shaded gray) and compare 743 

all quadrants against the noise floor. A site is deemed to be “modulated by expectations” if the semantic 744 

features significantly predict the face neural signals (shaded green).  k, ∆7 estimated with mixed-effects 745 

models, accounting for subject-wise and nested site-wise variance, shown with 95% confidence 746 

intervals.  747 
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 748 

Fig. 2. HFA spatiotemporal motifs are focal to stimulus processing and not expectation 749 

modulated. a, d, g, j, m, Anatomical distribution of each site’s weight (G coefficient) for Motifs 1-5; 750 

colors range from gray (zero weight) to the motif color. b, e, h, k, n, HFA time course for positive, neutral 751 

and negative valence (mean across participants ± within-participant SEM). c, f, i, l, o, time-frequency 752 

spectrogram for each motif. Gray bars indicate significant valence effects (linear mixed-effects cluster-753 

based permutation test, p < .05). Motif 1 sites were primarily located in the temporal cortex (a) and 754 

peaked during the early audio epoch (b). Motif 2 sites (d) showed sustained HFA patterns through the 755 

audio epoch (e), with the only significant valence effect in the late audio epoch. Motif 3 sites were located 756 

in the early visual cortex and ventral temporal cortex (g), with salient HFA during the face epoch phase 757 

(h). Motif 4 showed prominent face associated sites in the temporal and occipital cortex (j), and a 758 

relatively sustained HFA profile during face epoch (k). Motif 5 (m), rating/decision making cluster, with 759 

sites in the midcingulate, prefrontal, and parietal cortex (MCC, LFC, OFC, SPL), had its HFA response 760 

increase as the face epoch evolved (n). 761 
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 762 

Fig. 3. LFA spatiotemporal motifs are expectation modulated. Using an unsupervised 763 

clustering method ‒ non-negative matrix factorization (NMF) ‒ sites with similar LFA time series 764 

were clustered into three components. a, d, g, Anatomical distribution of each site’s weight on 765 

Motifs 1‒3 (G coefficients); colors range from gray (zero weight) to the motif color. b, e,  h,  LFA time 766 

course for positive, neutral, and negative valence (mean ± within-participant SEM); gray bars indicate 767 

statistical significance across valence conditions (linear mixed effects cluster-based permutation test). 768 

c, f, i, Trial-averaged time-frequency spectrogram (t vs. baseline; outlined regions indicate 769 

significance from permutation test). b, Motif 1 exhibited a deactivation pattern throughout epochs 770 

of interest with a valence effect spanning the late audio and face epochs. h, Motif 3 showed a 771 

significant valence effect during the face epoch.   772 
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 773 

Fig. 4. Semantic embeddings predict auditory activity in HFA auditory motifs, but not 774 

expectations during face processing. a, The spatial profile of HFA motifs. b, Heatmaps represent 775 

average ∆7	for each HFA motif across eight model-epoch combinations (rows: Sentence vs. ArcFace 776 

embedding; columns: early audio, late audio, early-face, late-face). The noise floor (NF) is defined as 777 

the unique variance explained by the face embedding during audio epoch, representing spurious 778 

correlations. Using mixed-effect models, significance of ∆7 was determined with subject as random 779 

effects and sites nested within participants, FDR-corrected for the six quadrants of interest within each 780 

independent motif. c, The point plots reflect the mean ± 95% CI of the performance per subject, 781 

indicating semantic embeddings well capture the HFA variance during the late audio epoch, for Motif 1, 782 

2, and 5. Size of data point indicates number of recording sites nested within each participant. Asterisks 783 

(*) indicate q < .05 across a mixed-effects model. 784 
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785 

Fig. 5. Semantic embeddings of the audio descriptions predict modulation of face activity 786 

by expectations in LFA motifs. Spatial profiles of a, LFA Motif 1. b, Motif 2, c, Motif 3. a, The 787 

spatial profile of LFA Motif 1 is widely distributed, with the strongest representation in the temporal 788 

lobe. d, e, f, Heatmaps represent average ∆7	for each LFA motif across eight models (rows: Sentence 789 

vs. ArcFace embedding; columns: early audio, late audio, early-face, late-face). The noise floor (NF) is 790 

defined as the unique variance explained by the face embedding during the early and late audio epochs, 791 

representing spurious correlations. Using mixed-effect models, significance of ∆7 was determined with 792 

subject as random effects and sites nested within participants, FDR-corrected for the six quadrants of 793 

interest within each independent motif. d, Semantic embeddings show greater performance in 794 

predicting Motif 1 LFA activity during the early-face and late-face epoch, reflecting expectation 795 

effects via semantic modulation. g, h, i, The point plots reflect the average statistic and confidence 796 

intervals of the performance, indicating semantic embeddings well capture the LFA variance during the 797 

face epochs for Motif 1 and Motif 3; and during the late audio epoch for Motif 2. *q < .05, **q < .01 across 798 

a mixed-effects model. 799 
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 800 
Fig. 6. Valence of contextual information modulates LFA activity in visual areas. Within the face-801 

associated motifs, we focused on visual regions of interest – fusiform gyrus (FG) and occipital cortex 802 

(OCC) – and examined HFA and LFA signals. a, d, Site locations for Motif 3 (25 sites, 7 participants) 803 

and Motif 4 (53 sites, 6 participants). b, e, HFA and c, f, LFA time course averaged across sites for each 804 

valence condition (mean ±within-participant SEM). Gray bars indicate statistical significance across 805 

valence conditions, from the site-level cluster-based permutation test. b, Motif 3 HFA: No significant 806 

valence effect. c, Motif 3 LFA: significant valence modulation from 172 ms before audio offset to 404 ms 807 

after face onset. e, Motif 4 HFA: significant from 720 ms until end of face epoch. f, Motif 4 LFA: significant 808 

from 384 ms before audio offset until 520 ms into the face epoch and also from 652 ms to 952 ms during 809 

the face epoch.  810 
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EXTENDED DATA 811 

 812 

 813 

Fig. S1. Using an unsupervised clustering method, non-negative matrix factorization (NMF), sites 814 

with similar time series were clustered into 5 HFA and three LFA components. Using a k sweep 815 

from 2 to 32 motifs, optimal number of motifs (k) for HFA and LFA were selected based on metrics of a, 816 

j, variance explained, b, k, change in variance explained per motif, c, l, reconstruction error, and d, m, 817 

consensus stability, i.e. the silhouette score across the 100 iterated NMF matrices to determine how 818 

stable the clustering solutions were. e, n, To ensure homogeneous clustering within motif, sites were 819 

only assigned to a motif if their largest weight is at least 1.5 times its second largest weight. f, o, The 820 

correlation coefficient across motifs demonstrated separability and low correlation between motifs. g, p, 821 

NMF weight matrix (G) for each site. Horizontal axis indicates sites, which sorts matrix factorization 822 

coefficient weight across motifs. h, With k = 5 for HFA, unique variance of each motif is presented. i, 823 

Response onset latency for each motif, with average ROL and subject-wise effects. q, With k = 3 for 824 

LFA, unique variance of each motif is presented. r, Response onset latency for each LFA motif is 825 

presented with average ROL and subject-wise effects.  826 
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HFA and LFA spatiotemporal motifs are stable across participants 827 

To check for stability of motifs across participants, we examined the descriptive statistics, i.e., the 828 

frequency and proportion of each motif, alongside the total number of sites per participant (HFA: Fig. 829 

S2a; LFA: Fig. S2b). While site counts are heterogeneous across participants, the motifs are well 830 

represented across all participants, not driven by a handful of participants. One thing to note is that not 831 

every participant has coverage in the same anatomical locations, therefore, some participants may not 832 

have sites that belong to certain spatiotemporal profiles. Regardless, the NMF clustering is applied 833 

across pooled sites, not within participants, assuring that the temporal profiles are clustered based on 834 

temporal profile similarity across sites. Even with this pooled mechanism, motifs are well represented 835 

across participants. 836 

In addition, to investigate the relationship between LFA and HFA motifs, we counted the overlap of 837 

sites between the 8 motifs (# = 3 from LFA; # = 5 from HFA). Note, 1360 sites were identified as LFA 838 

motifs; separately, 1010 sites were clustered as HFA motifs. The overlap between HFA and LFA were 839 

707 (Fig. S2c). Within LFA Motif 1 that overlaps with any HFA motif (Nsites = 282), half of the sites 840 

overlapped with HFA Motif 1 and equally distributed across the remaining motifs (Fig. S2d, e). LFA Motif 841 

2 (“audio-onset”; Nsites = 144) were both overlapping with HFA Motif 1 and Motif 2 – the two auditory 842 

motifs in HFA. Lastly, LFA motif 3 overlapped most with the HFA Motif 5 (Fig. S2d, e). 843 



 844 

Fig. S2. Cluster assignment per participant. To assess stability of clusters across participants, the 845 

proportion and the frequency of each cluster is compiled for a, HFA and b, LFA motifs. c, Out of the 846 

1574 HFA and 1752 LFA sites, 1010 HFA and 1360 LFA sites were assigned to certain motifs. In total, 847 

707 sites overlap between HFA and LFA sites. d, Amongst the overlapping sites, LFA Motif 1 848 

(“deactivation”; N = 282) predominantly overlaps with HFA Motif 1 (“audio transient”) motifs. In contrast, 849 

LFA Motif 2 (“audio-onset”; N = 144) sites overlapped with the two auditory motifs – HFA Motif 1 and 850 

Motif 2. Lastly, LFA Motif 3 (“late-rising” N = 281) overlapped the most with HFA Motif 5 (“decision”) 851 

component. e, proportion of overlap between LFA and HFA motifs are presented.   852 
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LFA motifs of expectancy modulation are widely distributed 853 

To examine the anatomical composition of each motif, we assigned each site into macroscale regions 854 

of interest (ROIs). First, sites were labeled by an expert neurologist in native brain space. Next, we 855 

asked how much an ROI represents a specific motif and if so, is it predominantly driven by one ROI or 856 

not? Using expected values and Pearson residuals from chi-square tests, we assessed the frequency 857 

of ROIs given the overall frequency of motifs. In our study, we accounted for 1) the number of sites per 858 

ROI and 2) the number of sites per motif, an index of Pearson residuals, calculated as 859 

Expected	 = 	ROI: ×motifS
N  860 

Pearson	residual	(r) 	= 	O − E
√E

 861 

, in which O is the observed site count and E is the expected count given the marginal totals (i.e., ROI 862 

count ×	site count within a motif, divided by the grand total number of sites). Positive values indicate 863 

over-representation; negative values indicate under-representation. HFA motifs were predominantly 864 

represented by sensory regions (Fig. S3a, g): HFA Motif 1 audio transient with STG and Thalamus, 865 

HFA Motif 2 audio sustained with MTG and STG, insula; HFA face Motif 3 and 4 were predominantly 866 

represented by fusiform and occipital sites, followed by HFA “decision” Motif 5 located in midcingulate, 867 

prefrontal, and parietal cortex (MCC, LFC, OFC, SPL). In contrast, the expectation modulated LFA Motif 868 

1 (“deactivation”) had distributed representations across the cortex and limbic regions (Fig. S3b, h) 869 

whereas auditory Motifs 2 and 3 were heavily represented by STG/insula, versus prefrontal regions 870 

respectively. 871 
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 872 

Fig. S3. Descriptive statistics of ROI site composition of each motif. a, Sites from each HFA motif 873 

is presented alongside top five regions. b, Sites from each LFA motif is presented alongside top five 874 

regions. c, Formula for calculating expected counts of a given ROI within a motif. d, Example of listing 875 

observed counts. e, Example of expected counts. f, Pearson residual scores are calculated as a function 876 

of observed and expected counts, which conveys whether a given ROI was more presented than 877 

expected given the frequency count of motif and ROI size. HFA motifs were associated with canonical 878 

regions of audio and face processing: HFA Motif 1 (“audio transient”) was primarily associated with STG 879 

and Thalamus, HFA Motif 2 (“audio sustained”) with MTG and STG, insula, a, g, indexed by the Pearson 880 

residual scores. The two face clusters – HFA Motif 3 and Motif 4 – were predominantly OCC and FG 881 

driven. Lastly, the “decision” motif was associated with prefrontal regions, MCC, and SPL. b, h, LFA 882 

Motif 1 (“deactivation”) was more distributed across the cortex, evident with the Pearson residuals, with 883 

TP and FG showing greater counts of sites considering the motif and ROI size. Audio related Motif (LFA 884 

M2 “audio-onset”) was associated with STG, insula, in contrast to the lower-than-expected counts in 885 

prefrontal and hippocampus sites. LFC: Lateral Frontal Cortex; OFC: Orbitofrontal cortex; MCC: Mid 886 

Cingulate cortex; MTG: Middle Temporal Gyrus; STG: Superior Temporal Gyrus; FG: Fusiform gyrus; 887 

TP: Temporal pole; OCC: Occipital cortex; SPL: Superior Parietal Lobule.  888 
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Participant Age Sex Handedness Electrode type 

sub-01 21 M right surface 

sub-02 44 F both depth 

sub-03 31 M right depth 

sub-04 59 M right depth 

sub-05 48 F right depth 

sub-06 49 M right depth 

sub-07 26 M right depth 

sub-08 20 F right surface 

sub-09 52 F right surface 

sub-10 29 F right depth 

sub-11 19 M right depth 

sub-12 29 F right depth 

sub-14 23 F left depth 

sub-15 23 M right depth 

sub-16 40 M right depth 

sub-17 22 M right both 

sub-18 34 F right depth 

sub-19 28 M right depth 

sub-20 33 M right depth 

sub-21 36 F right depth 

Table S1. Participant demographics and electrode type. 889 
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