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Abstract 22 

A key goal of social neuroscience is to understand the inter-brain neural relationship²the 23 

relationship between the neural activity of socially interacting individuals. Decades of research 24 

investigating this relationship have focused on the similarity in neural activity across brains. 25 

Here we instead asked how neural activity differs between brains, and how that difference 26 

evolves alongside activity patterns shared between brains. Applying this framework to bats 27 

engaged in spontaneous social interactions revealed two complementary phenomena 28 

characterizing the inter-brain neural relationship: fast fluctuations of activity difference across 29 

brains unfolding in parallel with slow activity covariation across brains. A model reproduced 30 

these observations and generated multiple predictions that we confirmed using experimental data 31 

involving pairs of bats and a larger social group of bats. The model suggests that a simple 32 

computational mechanism involving positive and negative feedback could explain diverse 33 

experimental observations regarding the inter-brain neural relationship. 34 

 35 

  36 
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Introduction 37 

What is the relationship between the neural activity of socially interacting individuals? 38 

This central question in social neuroscience has motivated nearly two decades of research 39 

spanning a diversity of species and methodologies (e.g. Babiloni and Astolfi, 2014; Dumas et al., 40 

2011; Freiwald, 2020; Hasson et al., 2012; Hasson and Frith, 2016; Hoffmann et al., 2019; 41 

Kingsbury and Hong, 2020; Koike et al., 2015; Konvalinka and Roepstorff, 2012; Liu et al., 42 

2018; Montague et al., 2002; Redcay and Schilbach, 2020; Scholkmann et al., 2013; Schoot et al., 43 

2016; Testard et al., 2021; Tseng et al., 2018; Wass et al., 2020). Yet, despite this diversity, 44 

nearly all research has tackled the study of inter-brain relationship from a single perspective: 45 

considering the neural activity of two interacting individuals as the two variables of interest and 46 

searching for similarities between them. Commonly, similarity was assessed using measures 47 

related to either correlation (Dikker et al., 2014; Kawasaki et al., 2013; King-Casas et al., 2005; 48 

Kingsbury et al., 2019; Kinreich et al., 2017; Levy et al., 2017; Liu et al., 2017; Montague et al., 49 

2002; Piazza et al., 2020; Silbert et al., 2014; Spiegelhalder et al., 2014; Stephens et al., 2010; 50 

Stolk et al., 2014; Tomlin et al., 2006; Zadbood et al., 2017; Zhang and Yartsev, 2019) or 51 

coherence (Cui et al., 2012; Dikker et al., 2017; Dumas et al., 2010; Goldstein et al., 2018; Levy 52 

et al., 2017; Lindenberger et al., 2009; Montague et al., 2002; Mu et al., 2017; Stolk et al., 2014; 53 

Yang et al., 2020; Yun et al., 2012). 54 

However, one aspect of the inter-brain neural relationship has remained unexplored: the 55 

difference in neural activity between brains. We reasoned that inter-brain difference is more than 56 

simply a lack of inter-brain correlation. Specifically, the detailed dynamics of the difference 57 

between brains could contain information not captured by measures of inter-brain similarity such 58 

as correlation. Therefore, here we took an approach that focused on both the similarity and 59 
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difference in inter-brain activity, and on how the two co-evolve over time. We applied this 60 

approach to neural activity simultaneously recorded from socially interacting Egyptian fruit bats 61 

(Rousettus aegyptiacus), a mammalian species known for its high level of sociality (Herzig-62 

Straschil and Robinson, 1978; Harten et al., 2018; Prat et al., 2015, 2016, 2017; Omer et al., 63 

2018; Cvikel et al., 2015; Egert-Berg et al., 2018; Kwiecinski and Griffiths, 1999). Our 64 

recordings targeted the frontal cortex (Figure 1²figure supplement 1), a region implicated in 65 

social cognition in rodents, bats, non-human primates, and humans (Adolphs, 2001; Amodio and 66 

Frith, 2006; Cao et al., 2018; Chang et al., 2013; Eliades and Miller, 2017; Forbes and Grafman, 67 

2010; Haroush and Williams, 2015; Kingsbury et al., 2019; Liang et al., 2018; Miller et al., 2015; 68 

Nummela et al., 2017; Ong et al., 2020; Pearson et al., 2014; Rose et al., 2021; Rudebeck et al., 69 

2008; Tremblay et al., 2017; Zhang and Yartsev, 2019; Zhou et al., 2017). We then used 70 

modeling to better understand the experimentally observed inter-brain relationship, which in turn 71 

produced a number of predictions that we subsequently confirmed using experimental data. 72 

Combined, the insights from the experimental and modeling approaches provide a unifying 73 

explanation to a range of experimental observations regarding the inter-brain relationship during 74 

social interactions. 75 

 76 

Results 77 

Inter-brain relationships in social and non-social contexts 78 

We performed wireless extracellular neural recording simultaneously from pairs of bats. 79 

We recorded four types of neural signals: local field potential (LFP) power in the 30-150 Hz and 80 

1-29 Hz bands (previously identified as relevant frequency bands in bat frontal cortical LFP 81 

[Zhang and Yartsev, 2019]), multiunit activity, and single unit activity (Materials and Methods 82 

sections 2.7-2.10). The analyses in the main text focus on 30-150 Hz LFP power, as previous 83 
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work has shown that this frequency range exhibits strong inter-brain correlation in bats (Zhang 84 

and Yartsev, 2019). 85 

To compare the inter-brain relationship between social and non-social conditions, neural 86 

activity was recorded in two sets of experiments. In one experiment, pairs of bats behaved freely 87 

and interacted with each other inside a chamber �³RQH-FKDPEHU�VHVVLRQV´��)LJXUH��$���In the 88 

second set of experiments, the same bats freely behaved in separate, identical chambers �³WZR-89 

FKDPEHUV�VHVVLRQV´��)LJXUH��%�. There were three types of two-chambers sessions: (1) two bats 90 

each freely behaving in isolation; (2) two bats each freely behaving in the presence of identical 91 

auditory stimuli (playback of bat calls); (3) two bats each freely behaving and interacting with a 92 

different partner in separate chambers. 93 

Plotting the neural activity of the two bats in one-chamber sessions shows a high degree 94 

of similarity between brains (Figure 1C), which is not the case for two-chambers sessions 95 

(Figure 1D), as demonstrated previously (Zhang and Yartsev, 2019). Such plots highlight the 96 

degree of inter-brain similarity, but makes it easy to overlook the detailed dynamics of the 97 

difference between brains. We therefore sought an analysis framework that would enable us to 98 

explicitly examine inter-brain difference and similarity side by side.  99 

 100 

Relative magnitudes and timescales of inter-brain difference and mean components 101 

When studying the inter-brain relationship, two typical variables of interest are the neural 102 

activity of each brain (e.g., in Figure 1C, each variable is the normalized LFP power averaged 103 

across the recording channels of one brain). We can represent them as a two-dimensional vector 104 

൬
ሻݐଵሺࢇ
ሻݐଶሺࢇ

൰, where ࢇଵሺݐሻ and ࢇଶሺݐሻ are the activity of bat 1 and bat 2 at time ݐ, respectively. 105 

Through a change of basis, the same activity can be represented under another orthogonal basis 106 



 

6 
 

as the mean and difference between the two brains: ൬
ሻݐெሺࢇ
ሻݐ஽ሺࢇ

൰ ൌ ଵ
ଶ
൬ࢇଵ

ሺݐሻ ൅ ሻݐଶሺࢇ
ሻݐଵሺࢇ െ ሻݐଶሺࢇ

൰, where ࢇெሺݐሻ 107 

is the mean component of the activity, and ࢇ஽ሺݐሻ is the difference component (here the 108 

difference component is defined as ଵ
ଶ
ሾࢇଵሺݐሻ െ ሻݐଵሺࢇ ሻሿ rather thanݐଶሺࢇ െ  ሻ so as to have the 109ݐଶሺࢇ

same scale as the mean component). ࢇெሺݐሻ represents the common activity pattern shared 110 

between the brains, i.e., what is similar between the brains; ࢇ஽ሺݐሻ represents the moment-to-111 

moment activity difference between the brains. Note that the two components can vary 112 

independently²a large (or small) ࢇெሺݐሻ does not necessarily imply a small (or large) ࢇ஽ሺݐሻ. 113 

Figure 1E shows the mean and difference activity components for the example session 114 

from Figure 1C. Visualizing the two components side-by-side, two relationships are immediately 115 

apparent. First, the mean component had much larger variance than the difference component. 116 

This is expected given the high degree of similarity in neural activity between the brains: while 117 

the variances are not entirely determined by inter-brain correlation, a positive correlation does 118 

mathematically imply larger variance for the mean compared to the difference component 119 

(Materials and Methods section 3.3). Second, the difference component evolved over time at 120 

much faster timescales than the mean component. This is even more apparent when examining 121 

the autocorrelations of the mean and difference components (Figure 1G), where the narrower 122 

autocorrelation of the difference indicates that it varied faster than the mean. 123 

In contrast, the two-chambers sessions showed a very different picture. Figure 1F shows 124 

the mean and difference components for the example session from Figure 1D. Here, the 125 

variances of the two components were comparable, and so were their timescales, which is also 126 

apparent from their comparable autocorrelations shown in Figure 1H. 127 

We next quantified the magnitudes and timescales of the mean and difference 128 

components for 30-150 Hz LFP power on all sessions, using variance as a measure for 129 
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magnitude, and power spectral centroid as a measure for timescale (Figure 1I-L). The power 130 

spectral centroid was calculated as follows. Given the time series of an activity component, we 131 

subtracted from it its average over time before calculating its power spectrum, and then 132 

computed the weighted average of the frequencies, where each frequency was weighted by the 133 

power at that frequency (Materials and Methods section 3.2). The relationships seen in the one-134 

chamber example above was robust: on every one-chamber session, the difference component 135 

had smaller magnitudes (Figure 1I) and faster timescales (Figure 1J) than the mean component 136 

(note that the relative magnitudes are a reflection of inter-brain correlation). On two-chambers 137 

sessions, in contrast, the mean and difference were comparable (Figure 1K-L). These 138 

relationships are summarized in Figure 1M-T for all four neural signals: LFP power in the 30-139 

150 Hz and 1-29 Hz bands, multiunits, and single units all showed the same significant trends 140 

(see Figure 1²figure supplements 2-4 for examples and detailed results for 1-29 Hz LFP power, 141 

multiunits, and single units). 142 

Thus, the inter-brain neural relationship during social interactions is characterized by two 143 

robust signatures of the mean and difference components: their relative magnitudes (which 144 

reflects inter-brain correlation) and their relative timescales. As mentioned above, the observed 145 

relative magnitudes are mathematically implied by the presence of inter-brain correlation 146 

(Materials and Methods section 3.3). It is important to determine whether the observed relative 147 

timescales are also implied by inter-brain correlation and the observed relative magnitudes. As 148 

we show in Materials and Methods (section 3.3), the answer is no: having a given combination of 149 

correlation, mean component variance, and difference component variance does not place 150 

constraints on the timescales of the two components. Specifically, it does not constrain the 151 

difference to be faster than the mean. To explicitly demonstrate this, we constructed a set of 152 
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surrogate data as a counter-example (Figure 2). The surrogate data was designed to have inter-153 

brain correlation, mean component variance, and difference component variance identical to 154 

those of the actual data. However, unlike the actual data, the surrogate data was designed to have 155 

difference components that were slower than the mean components, the opposite of what was 156 

experimentally observed (Figure 2C, E). Thus, the relative timescales of the difference and mean 157 

components are not dictated by their relative magnitudes or by inter-brain correlation. 158 

What, then, might explain the robust relationships observed between the timescales and 159 

magnitudes? And are there separate mechanisms responsible for the observed relative timescales 160 

on the one hand, and the observed relative magnitudes (and the related phenomenon of inter-161 

brain correlation) on the other? To address these questions, we next model the observed neural 162 

activity to infer the computational mechanisms governing the inter-brain difference and mean 163 

components, and by extension, mechanisms underlying inter-brain correlation. 164 

 165 

Model suggests a feedback mechanism governing inter-brain neural relationship 166 

We modeled the neural activity of two bats using a linear differential equation (see Figure 167 

3A for the equation; Dayan and Abbott, 2005). In the model, the neural activity variables interact 168 

through the functional coupling matrix ࡯ ൌ ൬െ࡯ௌ ூ࡯
ூ࡯ െ࡯ௌ

൰, where ࡯ௌ is the strength of functional 169 

self-coupling and ࡯ூ is the strength of functional across-brain coupling. When modeling one-170 

chamber sessions, ࡯ூ ൐ Ͳ, so that the activity of each bat LQIOXHQFHV�WKH�RWKHU�EDW¶V�DFWLYLW\� This 171 

functional across-brain coupling models the effects of sensorimotor interactions and attentional 172 

processes (Hasson et al., 2012): for example��ZKHQ�EDW��¶V�QHXUDO�DFWLYLW\�LQFUHDVHV�GXH�WR�LWV�173 

active movements (Gervasoni et al., 2004; McGinley et al., 2015), the movements create sensory 174 

inputs to bat 2, which can drive EDW��¶V�QHXUDO�DFWLYLW\�WR�WKH�H[WHQW�WKDW�EDW���LV�SD\LQJ�DWWHQWLRQ 175 
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(Chun et al., 2011; Driver, 2001; Fritz et al., 2007; Reynolds and Chelazzi, 2004). On the other 176 

hand, when modeling two-chambers sessions, ࡯ூ ൌ Ͳ, so that the activity of each bat does not 177 

LQIOXHQFH�WKH�RWKHU�EDW¶V�DFWLYLW\. Furthermore, in both one-chamber and two-chambers models, 178 

the activity of each bat is modulated by its own behavior, which is simulated using Markov 179 

chains based on empirical behavioral transition frequencies (Materials and Methods section 3.4). 180 

Note that the usage of WKH�WHUP�³IXQFWLRQDO�DFURVV-EUDLQ�FRXSOLQJ´�LQ�RXU�PRGHO�VKRXOG�EH�181 

distinguished from the sense it is sometimes used in the literature to simply denote a presence of 182 

neural correlation or coherence across brains (e.g., Levy et al., 2017). 183 

This model was used to simulate neural activity, which was then analyzed using the same 184 

methods used to analyze experimental data. The model qualitatively reproduces the 185 

experimentally observed neural activity patterns: simulated activity show variability over time, 186 

modulation by behavior, and correlation across brains (Figure 3B; see Figure 3²figure 187 

supplement 1 for a quantitative comparison between model and data). More importantly, the 188 

model also qualitatively reproduces all the experimentally observed relationships between the 189 

magnitudes and timescales of the difference and mean components, as can be seen in the activity 190 

and autocorrelation of the two components on an example simulation (Figure 3C-D). Specifically, 191 

the difference component had smaller magnitudes and faster timescales than the mean 192 

component in the one-chamber model, but not in the two-chambers model (Figure 3C-F). 193 

What mechanisms in the model are responsible for these results? We now analyze the 194 

model to answer this (see Materials and Methods section 3.7 for details). The model describes 195 

the evolving neural activity of two bats and uses separate variables to represent the activity of 196 

each bat. This is a basis in which the neural activity variables are coupled to each other in the 197 

one-chamber model: the activity of bat 1 influences the activity of bat 2, which in turn feeds back 198 



 

10 
 

on the activity of bat 1. It is much easier to understand how activity evolves if we change to a 199 

basis in which the activity variables become uncoupled. This basis consists of the eigenvectors of 200 

the functional coupling matrix ࡯. Under the eigenvector basis, the neural activity variables 201 

become the mean activity across bats, and the difference in activity between bats (Figure 3G). 202 

Thus, the uncoupled activity variables are precisely our variables of interest: the inter-brain mean 203 

and difference components. Each of the two components provides feedback onto itself, with 204 

feedback strengths being the eigenvalues of ࡯: െሺ࡯ௌ െ  ூሻ for the mean component and 205࡯

െሺ࡯ௌ ൅ ூ࡯ ,ூሻ for the difference component. In the two-chambers model࡯ ൌ Ͳ, so the two 206 

components receive equal feedback. In the one-chamber model, ࡯ூ ൐ Ͳ, so functional across-207 

brain coupling acts as positive feedback for the mean component, which amplifies the mean 208 

component while slowing it down. On the other hand, functional across-brain coupling acts as 209 

negative feedback for the difference component, which suppresses the difference component 210 

while speeding it up (Figure 3H). Thus, in the model, a single mechanism²opposite feedback, 211 

i.e., positive feedback to the mean component and negative feedback to the difference 212 

components²contributes to all of our observations relating the magnitudes and timescales of the 213 

mean and difference components. 214 

We can gain a more precise understanding of the dependence of model output on 215 

functional coupling, by analyzing a reduced version of the model. The reduced model assumes a 216 

simplified structure for behavioral modulation, which allows derivation of simple analytic 217 

expressions for the variance ratio and power spectral centroid ratio of the mean and difference 218 

components (Materials and Methods section 3.8). Specifically, the variance ratio and centroid 219 

ratio can be shown to be approximately ࡯ೄା࡯಺
಺࡯ೄି࡯

 and ࡯ೄି࡯಺
಺࡯ೄା࡯

, respectively (Figure 3I-J). This simple 220 

dependence on the functional coupling parameters ࡯ௌ and ࡯ூ is consistent with our analysis of 221 
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the full model above: functional across-brain coupling, ࡯ூ, modulates the mean and difference 222 

components in opposite directions. Furthermore, it identifies the parameter regime in which the 223 

experimental observations lie²the parameter regime of positive ࡯ூ (Figure 3I-J). 224 

In the full version of our model, in addition to functional coupling, behavioral modulation 225 

also contributes to the inter-brain relationship (the effects of behavioral modulation are analyzed 226 

in depth in Materials and Methods section 3.7 and Figure 3²figure supplement 2). In particular, 227 

the tendency of bats to engage in the same behavior at the same time (Figure 3²figure 228 

supplement 2G) contributes to inter-brain correlation. This led us to ask whether this form of 229 

behavioral coordination alone is sufficient to explain experimental data in the absence of 230 

functional across-brain coupling. One specific experimental observation suggests that the answer 231 

is no: Figure 4A, B, G show that, after removing time periods of coordinated behavior from 232 

experimental sessions, inter-brain correlation persisted. We found that our model can reproduce 233 

this phenomenon (Figure 4C, D, G). Next, we simulated an alternative model with behavioral 234 

coordination, but without functional across-brain coupling (Materials and Methods section 3.7). 235 

Figure 4E-G show that, in the absence of functional across-brain coupling, inter-brain correlation 236 

disappeared after removing time periods of coordinated behaviors. Thus, in the framework of our 237 

model, functional across-brain coupling is necessary to reproduce the experimental results. 238 

In our model, functional across-brain coupling took a simple form: the activity variables 239 

of the two brains are linearly coupled. We made this modeling choice for its simplicity, but one 240 

may wonder, does the form of functional across-brain coupling matter, or is any form of 241 

coupling capable of reproducing the experimental results? While we cannot exhaustively test all 242 

alternative ways of modeling functional coupling, we sought to explore one alternative, the 243 

Kuramoto model, because it is a well-known model of coupling between oscillatory variables 244 
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(Strogatz, 2000; Acebrón et al., 2005). The Kuramoto model has been widely used to model 245 

diverse synchronization phenomena in physics, chemistry, and biology, including neural 246 

synchronization both within and across brains (e.g., Breakspear et al., 2010; Cumin and 247 

Unsworth, 2007; Dumas et al., 2012; Schmidt et al., 2015). Here, we adapted it to model inter-248 

brain synchronization in bats. In this model, the fluctuating neural activity of the interacting bats 249 

are abstracted as oscillators whose phases are dynamically coupled depending on their phase 250 

difference (Materials and Methods section 3.9). This phase-coupling mechanism is able to 251 

reproduce inter-brain correlation and the relative magnitudes of the mean and difference 252 

components from the data; importantly, however, it does not reproduce the relative timescales of 253 

the mean and difference components from the data (Figure 4²figure supplement 1). This 254 

demonstrates that not all forms of functional coupling are equally able of reproducing the inter-255 

brain relationship. 256 

In summary, our main model provides a simple explanation for a set of robust, yet 257 

puzzling relationships between the inter-brain mean and difference components. Namely, 258 

through opposite feedback to the mean and difference components, functional across-brain 259 

coupling simultaneously modulates both their magnitude and timescales in opposite directions²260 

the amplification and slowing down of the mean and the suppression and speeding up of the 261 

difference are all manifestations of a single mechanism. 262 

 263 

Testing predictions emerging from the model 264 

 In addition to explaining experimental observations, the model also makes novel 265 

predictions about previously unexamined aspects of the inter-brain relationship. In this section, 266 

we describe three predictions about disparate aspects of the inter-brain relationship: (1) 267 
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correlation between neural activity variables defined by rotations of the two-bat activity space 268 

axes; (2) relationship between the difference and mean components across sessions, rather than 269 

within sessions; (3) the encoding of the behaviors of one bat by the neural activity of the other 270 

bat. While the three predictions are seemingly unrelated to one another, they are in fact all 271 

motivated by the same model mechanism of functional across-brain coupling. After describing 272 

each prediction, we turn back to the data to test it. If the data can confirm the predictions, it 273 

would support the validity of the model. 274 

 In the model, the neural activity of each bat is a variable. These two activity variables can 275 

be thought of as evolving within a two-dimensional space, i.e., a space whose axes are the neural 276 

activity of each of the two bats (Figure 3G left). The evolution of activity in this space can be 277 

equivalently described using alternative sets of activity variables: for example, by rotating the 278 

axes by 45°, the activity variables become the difference and mean components (Figure 3G right). 279 

Rotating the axes in this way changes not only the activity variables, but also the strength of 280 

functional coupling between the variables. In the one-chamber model, if we rotate the axes 281 

smoothly, the strength of functional coupling also changes smoothly (Figure 5A). In particular, 282 

the coupling strength is positive and at its maximum when the axes correspond to the activity of 283 

each bat, and it decreases to zero as the axes rotate by 45° (corresponding to the mean and 284 

difference components), and finally becoming negative as the axes rotate further (Figure 5A). 285 

After any amount of rotation, we can calculate the correlation between the activity variables. The 286 

model predicts that, as the axes rotate, the correlation between the neural activity variables would 287 

mirror the coupling strength (Figure 5B). This effect is not due to the changing behavioral 288 

modulation upon axes rotation, as can be seen after regressing out the influence of behavior from 289 

the activity (brown curve in Figure 5B; see Materials and Methods section 3.10 for methods used 290 
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to regress out behavior). As we turn back to the data, we found that it clearly confirmed the 291 

model predictions: correlation as a function of rotation showed the same relationship as in the 292 

model (Figure 5C). Similarly, data from the two-chambers sessions (Figure 5F) also confirmed 293 

the predictions of the two-chambers model (Figure 5D-E): namely, near zero correlation across 294 

all axes rotation angles. 295 

 In the previous sections, we have examined in detail the relationships between the 296 

magnitudes and timescales of the inter-brain activity components in single sessions, but the 297 

model also makes predictions regarding their relationship across sessions. As described above 298 

and in Materials and Methods (section 3.7), functional across-brain coupling acts as positive 299 

feedback for the mean component and negative feedback for the difference component, 300 

modulating both their magnitudes and timescales in opposite directions (Figure 3H). Thus, the 301 

model predicts that the relative magnitudes and relative timescales of the two components are 302 

tied together by this mechanism and do not vary independently. This can be seen by plotting the 303 

relative magnitudes against the relative timescales for different simulations, which shows linear 304 

relationships between them (Figure 5G; see Materials and Methods section 3.11 for detailed 305 

analysis of these relationships). Turning to the data, we see similar linear relationships, again 306 

confirming the predictions of the model (Figure 5H). It is important to note that these are very 307 

specific predictions that were not at all obvious or expected from our previous knowledge of the 308 

inter-brain relationship. The fact that they were verified by the data provides strong support for 309 

the validity of the model. 310 

 In the model, the neural activity of each bat is directly modulated by its own behavior; 311 

moreover, it is indirectly modulated by the behavior of the other bat, through functional across-312 

brain coupling. This suggests that the neural activity of each bat should represent the behavior of 313 
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the other bat independently from encoding its own behavior. To quantify this in the model, we 314 

first regressed out the behavior of each bat from its own neural activity, then examined to what 315 

extent the residual neural activity encodes the behavior of the other bat, using the receiver 316 

operating characteristic (ROC) curve. The reason we first regress out HDFK�EDW¶V�EHKDYLRU is the 317 

following. If two bats happened to engage in the same behavior at the same times, the activity of 318 

each bat would appear to encode the behavior of the other bat, when it was simply encoding its 319 

own behavior. By regressing out HDFK�EDW¶V�RZQ behavior, this approach eliminates such 320 

potential spurious correlation EHWZHHQ�RQH�EDW¶V�DFWLYLW\�DQG�DQRWKHU�EDW¶V�EHKDYLRU�FDXVHG�E\�321 

coordinated behaviors between the bats. )LJXUH��$�VKRZV�DQ�H[DPSOH�RI�RQH�EDW¶V�DFWLYLW\�322 

HQFRGLQJ�WKH�RWKHU�EDW¶V�EHKDYLRU independently of its own behavior, and the strength of the 323 

encoding was quantified using the ROC curve in Figure 6B. Across simulations, we found that 324 

WKH�HQFRGLQJ�RI�WKH�RWKHU�EDW¶V�EHKDYLRU�ZDV�VLJQLILFDQWO\�VWURQJHU�IRU�WKH�RQH-chamber model 325 

than the two-chambers model (Figure 6C), consistent with the presence of functional across-326 

brain coupling in the one-chamber model. Applying the same approach to the data, we saw 327 

VLPLODU�QHXUDO�HQFRGLQJ�RI�WKH�RWKHU�EDW¶V�EHKDYLRU��H[DPSOH�LQ�)LJXUH��'��FRUUHVSRQGLQJ�52&�328 

curve in Figure 6E). Across all data sessions, the encoding was stronger on one-chamber sessions 329 

than two-chambers sessions, confirming the model predictions (Figure 6F). 330 

 In summary, we tested and confirmed three disparate predictions of the model that all 331 

stem from the model mechanism of functional across-brain coupling. The fact that three 332 

seemingly unrelated experimental observations can all be explained by our model underscores its 333 

explanatory power. 334 

 335 

Modeling inter-brain neural relationship during group social interactions 336 
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 So far, our analysis has been exclusively focused on social interactions between two 337 

individuals. However, social interactions also occur among larger groups in many species, 338 

including the group-living Egyptian fruit bats (Herzig-Straschil and Robinson, 1978; Kwiecinski 339 

and Griffiths, 1999). Although the inter-brain relationship between two interacting individuals 340 

have been studied extensively, the inter-brain relationship among larger social groups have 341 

received far less attention (but see Dikker et al., 2017;Rose et al., 2021). While there are many 342 

open questions regarding the group inter-brain relationship, in the context of the current study, 343 

we ask two questions that are natural extensions of our two-bat findings. First, can the opposite 344 

feedback mechanism be generalized to the larger group context? Second, what would such a 345 

mechanism predict about the group inter-brain relationship? To answer these questions, we 346 

extended our model to larger groups, which offered direct predictions regarding the group inter-347 

brain relationship. We then tested these predictions using social group data in bats. 348 

 To extend the two-bat model to interactions among a group of ݊ bats, we used the same 349 

equation shown in Figure 3A, except that the activity (ࢇ) and behavioral modulation (࢈) are now 350 

݊-dimensional rather than 2-dimensional, and the functional coupling matrix ࡯ is similarly ݊ ൈ ݊. 351 

As in the two-bat model, the activity of each bat in the ݊-bat model is influenced by the same 352 

functional self-coupling െ࡯ௌ, and the activity of each pair of bats are functionally coupled with 353 

the same positive coupling ࡯ூ. 354 

 The mechanism that governs the two-bat model naturally generalizes to the ݊-bat model 355 

(see Materials and Methods section 3.13 for details). For the ݊-bat model, the mean component 356 

corresponds to the mean activity across all bats. On the other hand, a difference subspace takes 357 

the place of the difference component of the two-bat model. In ݊-bat activity space, the 358 

difference subspace is the ሺ݊ െ ͳሻ-dimensional subspace orthogonal to the direction of the mean 359 
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component (Figure 7B). This subspace contains all inter-brain activity patterns that correspond to 360 

activity differences across any of the brains. Similar to the two-bat model, functional across-361 

brain coupling acts as positive and negative feedback to the ݊-bat mean component and the 362 

difference subspace, respectively, amplifying and slowing down the ݊-bat mean component 363 

while suppressing and speeding up activity patterns in the difference subspace. 364 

The opposite feedback mechanism in the ݊-bat model thus gives rise to predictions that 365 

can be tested experimentally. Specifically, one prediction is that activity patterns in the 366 

difference subspace would have smaller magnitudes than the ݊-bat mean component: as we show 367 

using simulations of a 4-bat model, the average variance of the difference subspace is smaller 368 

than the variance of the 4-bat mean component (Figure 7C). Another prediction is that activity 369 

patterns in the difference subspace would have faster timescales than the ݊-bat mean component: 370 

4-bat simulations show that the difference subspace has a higher average power spectral centroid 371 

than the 4-bat mean component (Figure 7D). Finally, similar to the two-bat model (see Figure 372 

5A-B), correlation between activity variables depends on their functional coupling. In particular, 373 

the positive functional across-brain coupling between the activity of different bats would give 374 

rise to positive inter-brain correlations for each pair of bats within the group; on the other hand, 375 

the mean component is not functionally coupled with activity patterns in the difference subspace, 376 

so they would therefore be uncorrelated. This prediction is illustrated in Figure 7E using 377 

simulations of a 4-bat model. 378 

Next, we tested these predictions using experimental data collected from a group of 379 

socially interacting bats. In this data set, neural activity was simultaneously and wirelessly 380 

recorded from the frontal cortices of four bats while they interacted in a chamber, under the same 381 

condition as the one-chamber sessions described above (Rose et al., 2021). As with the two-bat 382 
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experiment, we focused on LFP power in the 30-150 Hz band. Applying the same analyses used 383 

for the 4-bat model simulations in Figure 7C-E, we found that the data qualitatively confirmed 384 

all model predictions: activity patterns in the difference subspace had smaller magnitudes (Figure 385 

7F) and faster timescales (Figure 7G) than the 4-bat mean component, there was positive inter-386 

brain correlation between bats in the group (Figure 7H), and there was no correlation between 387 

the 4-bat mean component and activity patterns in the difference subspace (Figure 7H). Note that 388 

the 4-bat experimental data and the model predictions differ quantitatively, because the 4-bat 389 

model did not include realistic behavioral modeling as did the two-bat model (see Materials and 390 

Methods section 3.13). 391 

In conclusion, we modeled the group inter-brain relationship and experimentally 392 

confirmed the model predictions. Through this, we found that the opposite feedback mechanism 393 

is not restricted to pair social interactions, but naturally generalizes to larger social groups. 394 

 395 

Discussion 396 

Here we studied the inter-brain relationship between socially interacting bats, by 397 

DQDO\]LQJ�WKH�PHDQ�DQG�GLIIHUHQFH�EHWZHHQ�WKH�EDWV¶�QHXUDO�DFWLYLW\��:H�IRXQG�WKDW�WKH�398 

difference in activity has smaller magnitudes and faster timescales than the mean, which is a 399 

robust neural signature of social interactions. We reproduced this finding using a simple model, 400 

which suggests a specific computational mechanism shaping the inter-brain neural relationship: 401 

functional coupling across brains acting as opposite feedback to the difference and mean activity 402 

components. This mechanism gave rise to a number of predictions, which we then confirmed 403 

using experimental data from bats engaging in paired and group social interactions. Furthermore, 404 
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this mechanism has broad explanatory power, and can account for a range of previously 405 

observed features of the inter-brain neural relationship, as we discuss below. 406 

First, it is well known that neural activity is correlated between the brains of socially 407 

interacting individuals, in mice, bats, and humans (e.g., Dikker et al., 2014; Kingsbury et al., 408 

2019; Kinreich et al., 2017; Levy et al., 2017; Montague et al., 2002; Piazza et al., 2020; 409 

Spiegelhalder et al., 2014; Stolk et al., 2014; Zadbood et al., 2017; Zhang and Yartsev, 2019). 410 

Through negative feedback to the difference component, functional across-brain coupling 411 

suppresses the inter-brain difference and keeps it small. At the same time, positive feedback to 412 

the mean component amplifies the common activity covariation between brains, so that the 413 

neural activity in each is dominated by their common activity pattern. Together, these would 414 

result in the inter-brain correlation observed during social interactions in diverse species. 415 

Second, in a shared social environment, neural correlation across brains is above and 416 

beyond what would be expected from behavioral coordination between individuals (Kingsbury et 417 

al., 2019; Piazza et al., 2020; Zhang and Yartsev, 2019). This can be understood because, 418 

through opposite feedback to the difference and mean components, functional across-brain 419 

coupling contributes to correlation independently from behavioral coordination. As a 420 

consequence of this, even in the absence of behavioral coordination, the opposite feedback 421 

results in correlation across brains in the model (Figure 4), consistent with previous experimental 422 

observations (Kingsbury et al., 2019; Piazza et al., 2020; Zhang and Yartsev, 2019). 423 

Third, the neural correlation between socially interacting individuals varies as a function 424 

of timescale: correlation across brains is higher for activity at slower timescales, and lower for 425 

activity at faster timescales (Kingsbury et al., 2019; Zhang and Yartsev, 2019). This would be a 426 

natural consequence of the opposite feedback mechanism. Positive feedback to the mean 427 
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amplifies it and slows it down, while negative feedback to the difference suppresses it and speeds 428 

it up. Thus, at slower timescales, the activity of the two brains is dominated by the mean 429 

component, i.e., the activity of the two brains are very similar at slower timescales and thus have 430 

higher correlations. On the other hand, at faster timescales, the increasing presence of the 431 

difference component lowers the correlation across brains. 432 

In summary, our model offers a particularly simple explanation for diverse aspects of the 433 

inter-brain neural relationship during both pair and group social interactions, including: (1) 434 

neural correlation across brains and the relative magnitudes of inter-brain mean and difference 435 

components (Figure 3E; Figure 7F, H); (2) neural correlation beyond behavioral coordination; (3) 436 

neural correlation as a function of timescale; (4) the relative timescales of inter-brain mean and 437 

difference components (Figure 3F; Figure 7G); (5) correlation between activity variables under 438 

rotated activity bases (Figure 5B-C); (6) the relationship between the magnitudes and timescales 439 

of activity components across sessions (Figure 5G-H); and (7��PRGXODWLRQ�RI�RQH�EDW¶V�QHXUDO�440 

activity by the behavior of another bat (Figure 6). Importantly, there is no reason a priori to 441 

suspect that these disparate observations are all related; only in light of the model is it apparent 442 

that they are all manifestations of a single underlying computational mechanism. Collectively, 443 

these results thus suggest opposite feedback to the difference and mean as a unifying 444 

computational mechanism governing the inter-brain relationship during social interactions. This 445 

points to a major avenue of future research: elucidating the biological implementation of this 446 

computational mechanism. Such research will likely involve studying the distributed neural 447 

circuits mediating sensorimotor interactions and attentional processes during social interactions, 448 

to understand how they might functionally act as opposite feedback to the inter-brain difference 449 

and mean components. To do so, a relevant experiment is to record from multiple brain regions 450 
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and examine how signals related to social interactions are transformed across regions. This will 451 

also reveal the extent to which inter-brain correlation varies across regions, allowing comparison 452 

to the human literature, where variations across brain structures have long been studied using 453 

EEG and fMRI. 454 

Another important future direction is comparative studies of the inter-brain relationship 455 

to elucidate similarity and differences across species. So far, this has been studied in three non-456 

human species: bats, mice (Kingsbury et al., 2019), and birds (Hoffmann et al., 2019). While bats 457 

and mice showed qualitatively similar inter-brain relationships, birds were different, showing 458 

anti-correlated neural activity across brains during a duetting behavior (Hoffmann et al., 2019). It 459 

would be interesting to study the inter-brain relationship in species with different levels of 460 

sociality and different types of social behaviors, e.g., solitary animals that only socially interact 461 

for mating, or animals that live in large groups. Such comparative studies, with careful 462 

behavioral quantification, would identify neural mechanisms that underlie social interactions in 463 

general versus species-specific social behaviors. Moreover, the analytic and modeling methods 464 

used here can be easily applied to other species, enabling comparison across species under the 465 

same framework. In particular, studying the timescales of inter-brain activity patterns during 466 

different social behaviors in different species could lead to a more general understanding of 467 

functional across-brain coupling. 468 

Further future directions are motivated by the limitations of our model. For simplicity, 469 

our model took functional across-brain coupling to be static, that is, taking the same functional 470 

IRUP�DQG�KDYLQJ�WKH�VDPH�VWUHQJWK�LQGHSHQGHQW�RI�WKH�EDWV¶�EHKDYLRUV��,Q�UHDOLW\��WKH�FRXSOLQJ is 471 

mediated through behavioral interaction between the bats. Thus, it is likely dynamic, taking 472 

different forms and varying in strength depending on the EDWV¶�dynamic behaviors. For example, 473 
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when one bat is actively grooming another passively resting bat, functional coupling might be 474 

asymmetric between them, stronger in one direction than the other. Conversely, when two bats 475 

are fighting with each other, their functional coupling might be more symmetric. Furthermore, 476 

the timescales of functional coupling could also vary: different behaviors might couple neural 477 

activity with different time courses and delays. Future study focusing on specific behaviors (e.g., 478 

grooming, fighting, etc.), with fine-timescale behavioral tracking (Mathis et al., 2018; Pereira et 479 

al., 2019), will be needed to identify the detailed behavior-specific dynamics of functional 480 

across-brain coupling. 481 

Another limitation of our PRGHO�LV�WKH�³RSHQ-ORRS´�QDWXUH�RI�WKH�UHODWLRQVKLS�EHWZHHQ�482 

behavior and neural activity. Specifically, we modeled neural activity as being modulated by 483 

behavior, but behavior was modeled using a Markov chain that is independent from the neural 484 

activity. In reality, neural activity and behavior form a closed-loop, with different social 485 

behaviors being controlled by the neural activity of specific neural populations in specific brain 486 

regions. Thus, an important future direction is to close the loop by incorporating neural control 487 

of social behaviors into models of the inter-brain relationship in bats. This will require future 488 

experimental studies to identify which frontal cortical regions and populations in bats are 489 

necessary or sufficient to control social behaviors, as well as the detailed causal relationship 490 

from neural activity to social behavior. Furthermore, as social interactions can occur at multiple 491 

timescales, it will be interesting to investigate how these are controlled by neural activity at 492 

different timescales, and how those timescales are shaped by functional across-brain coupling. In 493 

summary, such a closed-loop model will shed light on how inter-brain activity patterns and 494 

dynamic social interactions co-evolve and feedback onto each other. 495 

 496 
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 719 

Figure Legends 720 

Figure 1 721 

Relative magnitudes and timescales of the inter-brain difference and mean components 722 

(A) In each one-chamber session, two bats freely interacted with each other while neural activity 723 

was wirelessly recorded simultaneously from their frontal cortices. 724 

(B) In each two-chambers session, the same bats from the one-chamber sessions freely behaved 725 

in separate, identical chambers, while neural activity continued to be simultaneously and 726 

wirelessly recorded from their frontal cortices. Two-chambers sessions included three conditions: 727 

(1) two bats each freely behaving in isolation; (2) two bats each freely behaving while listening 728 

to identical auditory stimuli; (3) two bats each freely behaving and interacting with a different 729 

partner in separate chambers. 730 

(C)-(D) Mean normalized LFP power in the 30-150 Hz band (Materials and Methods sections 731 

2.10), averaged across all channels for each bat, on an example one-chamber session (C) and an 732 

example two-chambers session (D). Shown above are the behaviors of the two bats as a function 733 

of time, which were manually annotated frame-by-frame from recorded video. The example two-734 

chambers session was of the third type illustrated in (B). 735 

(E) The neural activity of the two bats from (C) after a change of basis, showing the mean and 736 

difference between bats. At a given time ݐ, the mean and difference components are defined as 737 

ଵ
ଶ
ሾࢇଵሺݐሻ ൅ ሻሿ and ଵݐଶሺࢇ

ଶ
ሾࢇଵሺݐሻ െ  ሻ are respectively 738ݐଶሺࢇ ሻ andݐଵሺࢇ ሻሿ, respectively, whereݐଶሺࢇ
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the neural activity of bat 1 and bat 2 plotted in (C). Note that the mean component had a large 739 

variance, whereas the difference component had a small variance, hovering around zero. 740 

(F) Same as (E), but for the example sessions from (D). Note that the variances are more 741 

comparable between the mean and difference components. 742 

(G) Autocorrelations (peak-normalized) of the mean and difference components shown in (E). 743 

The autocorrelations were computed after subtracting from each time series its average over time. 744 

Note that the difference component varied on faster timescales than the mean component. 745 

(H) Same as (G), but for the example sessions from (D). Note that the timescales are more 746 

comparable between the mean and difference components. 747 

(I)-(J) Variance (I) and power spectral centroid (J) of mean normalized 30-150 Hz LFP power, 748 

for the mean and difference components. Each dot is a single one-chamber session (the purple 749 

dot is the session shown in (C), (E), and (G)). Variance quantifies activity magnitude, and power 750 

spectral centroid quantifies timescale (higher centroids mean faster timescales). Note that, on 751 

every one-chamber session, the difference component was smaller and faster than the mean 752 

component. The dotted lines are unity. Note that the power spectral centroid was calculated from 753 

time series of mean normalized LFP power (e.g., as plotted in (E)), not from time series of LFP 754 

itself. 755 

(K)-(L) Same as (I)-(J), but for two-chambers sessions. The purple dot is the session shown in 756 

(D), (F), and (H). The mean and difference components have comparable magnitudes and 757 

timescales in the two-chambers sessions. 758 

(M)-(P) The average variance ratio (mean component variance divided by difference component 759 

variance) for mean normalized 30-150 Hz LFP power (M), mean normalized 1-29 Hz LFP power 760 

(N), multiunits (O), and single units (P). The averages were taken across sessions for LFP power, 761 
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and across unit pairs (pooled from all sessions) for multiunits and single units. Error bars denote 762 

standard deviations. *, p<0.05, Wilcoxon rank sum test. 763 

(Q)-(T) Same as (M)-(P), but for average power spectral centroid ratio (mean component 764 

centroid divided by difference component centroid). 765 

Note that, for all four neural signals, the difference component was smaller and faster than the 766 

mean component on one-chamber sessions. 767 

See Figure 1²figure supplements 2-4 for examples and detailed results for 1-29 Hz LFP power, 768 

multiunits, and single units, respectively. 769 

 770 

Figure 2 771 

Relative timescales of the difference and mean components are not determined by their 772 

relative magnitudes or levels of inter-brain correlation 773 

(A) Surrogate data generated from the actual data shown in Figure 1C, by combining the actual 774 

mean component with a surrogate difference component (Materials and Methods section 3.3). 775 

The surrogate was tailored such that the difference component variance and inter-brain 776 

correlation of the original experimental data were preserved (the mean component variance was 777 

also preserved since the actual mean component was used in the surrogate data). Shown above 778 

are the actual behaviors of the two bats replotted from Figure 1C. 779 

(B) The surrogate data from (A) plotted as the activity of its mean and difference components. 780 

The mean here is identical to the actual mean in Figure 1E, while the difference here has the 781 

same variance as the actual difference in Figure 1E, but with slower timescales. 782 

(C) The autocorrelations (peak-normalized) of the mean and difference components shown in (B) 783 

and of the actual difference component shown in Figure 1E. The autocorrelations were computed 784 
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after subtracting from each time series its average over time. Note that for the surrogate data, the 785 

difference was slower than the mean, the opposite of what was observed experimentally. 786 

(D)-(E) Variance (D) and power spectral centroid (E) of mean normalized 30-150 Hz LFP power, 787 

for the mean and difference components of the actual data and surrogate data. Each dot is actual 788 

data from a single one-chamber session (replotted from Figure 1I-J), and each plus is surrogate 789 

data generated from the actual data of a single one-chamber session (purple dots and pluses 790 

denote the example session shown in Figure 1C and (A)-(C)). The dotted lines are unity. The 791 

surrogate data preserve the actual inter-brain correlations (Materials and Methods section 3.3), as 792 

well as the variances of the actual mean and difference components (pluses in (D) are at the same 793 

positions as the dots), but have slower difference components than mean components (pluses 794 

below the unity line in (E)). 795 

 796 

Figure 3 797 

Model explains relationship between difference and mean 798 

(A) The evolving neural activity of two bats are modeled by a linear differential equation. 799 

ሻݐሺࢇ ൌ ൬
ሻݐଵሺࢇ
ሻݐଶሺࢇ

൰ is the activity of bat 1 and bat 2 at time ࡯ .ݐ ൌ ൬െ࡯ௌ ூ࡯
ூ࡯ െ࡯ௌ

൰ is the functional 800 

coupling matrix, where ࡯ௌ is the strength of functional self-coupling and ࡯ூ is the strength of 801 

functional across-brain coupling (note that functional across-brain coupling obviously should not 802 

be interpreted as direct coupling via actual neural connections). ࢈ሺݐሻ ൌ ൬
ሻݐଵሺ࢈
ሻݐଶሺ࢈

൰ is the 803 

PRGXODWLRQ�RI�HDFK�EDW¶V�DFWLYLW\�E\�LWV�EHKDYLRUV��ZKHUH�WKH�EHKDYLRUV�DUH�VLPXODWHG�XVLQJ�804 

Markov chains. See Materials and Methods section 3.4 for details on the model and section 3.14 805 

for the parameters. 806 
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(B) Simulated neural activity and behaviors from an example one-chamber simulation. 807 

(C) The simulated activity from (B) plotted as the activity of its mean and difference components. 808 

Note the smaller magnitude of the difference compared to the mean. 809 

(D) The autocorrelations (peak-normalized) of the mean and difference components shown in 810 

(C). The autocorrelations were computed after subtracting from each time series its average over 811 

time. Note that the difference varied on faster timescales than the mean. 812 

(E)-(F) The average variance ratio (E; mean component variance divided by difference 813 

component variance) and average power spectral centroid ratio (F; mean component centroid 814 

divided by difference component centroid), for model simulations (purple) or mean normalized 815 

30-150 Hz LFP power from the data (black). The averages were taken across simulations for the 816 

model, and across sessions for the data. Error bars denote standard deviations. *, p<0.05, 817 

Wilcoxon rank sum test.  818 

(G)-(H) Model mechanism. See Materials and Methods section 3.7 for details. 819 

(G) Schematic illustrating a change of basis for representing the model. The model describes the 820 

neural activity of two bats evolving in a 2D space. Activity in this space can be represented using 821 

any choice of axes. The equation in (A) assumes the axes illustrated on the left, where each axis 822 

is the neural activity of one bat. After a rotation of 45 degrees, the axes now represent the mean 823 

and difference components (illustrated on the right), which are also the eigenvectors of the 824 

functional coupling matrix 825 .࡯ 

(H) The neural activity variables of the two bats are coupled to each other (left). Changing to the 826 

eigenvector basis transforms them into uncoupled variables: the mean and difference 827 

components (right). The mean and difference components each provides feedback onto itself, 828 

with feedback strengths being the eigenvalues of ࡯, which depends on the functional across-829 
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brain coupling ࡯ூ. In the one-chamber model, ࡯ூ ൐ Ͳ, so functional across-brain coupling 830 

amplifies and slows down the mean component through positive feedback, and suppresses and 831 

speeds up the difference component through negative feedback. 832 

(I)-(J) The dependence of variance ratio (I) and power spectral centroid ratio (J) on the coupling 833 

strength parameters, for a reduced model where the behavioral modulation for the mean and 834 

difference components have identical, flat power spectra (Materials and Methods section 3.8). 835 

The variance ratio and centroid ratio are approximately ࡯ೄା࡯಺
಺࡯ೄି࡯

 and ࡯ೄି࡯಺
಺࡯ೄା࡯

, respectively; thus, the 836 

parameter regime that qualitatively reproduces experimental observations is the regime of 837 

positive functional across-brain coupling ࡯ூ (delimited by dashed lines). The white spaces are 838 

regions of the parameter space where the model is unstable. Note that the color maps are in log 839 

scale. See Materials and Methods section 3.8 for details. 840 

 841 

Figure 4 842 

Comparing models with and without functional across-brain coupling. 843 

(A) Mean normalized LFP power in the 30-150 Hz band, averaged across all channels for each 844 

bat, on an example one-chamber session. Shown above are the annotated behaviors. Note that the 845 

activity of the two bats are highly correlated (correlation coefficient indicated above the activity 846 

traces). 847 

(B) The same data as in (A), after removing all time periods of coordinated behavior (i.e., time 848 

periods when both bats engaged in the same behavior). Inter-brain correlation was re-calculated 849 

and indicated above the activity traces. Note that the inter-brain correlation is lower than in (A), 850 

but still highly positive. 851 
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(C)-(D) Same as (A)-(B), but for simulated neural activity and behaviors from an example one-852 

chamber simulation of our main model. Note that inter-brain correlation remained after removing 853 

time periods of coordinated behavior, reproducing the experimental result. 854 

(E)-(F) Same as (C)-(D), but simulated without functional across-brain coupling. Specifically, 855 

the same simulated behavior and behavioral modulation ࢈ሺݐሻ was used as in (C)-(D); the 856 

difference from (C)-(D) is that the strength of functional across-brain coupling ࡯ூ was set to 0. 857 

Note that inter-brain correlation disappeared after removing time periods of coordinated behavior, 858 

unlike the experimental result. 859 

(G) Inter-brain correlation over entire sessions or after removing coordinated behavior, for data 860 

(black; mean normalized LFP power in the 30-150 Hz band), the main model (purple; with 861 

functional across-brain coupling), and the model without functional across-brain coupling (blue).  862 

The simulations of the two models were done in pairs: each simulation of the model without 863 

functional across-brain coupling used the same behavioral modulation (including behavioral 864 

modulation noise) as one simulation of the main model, as done in (C)-(F). Plotted are averages 865 

(േ standard deviation) across experimental sessions or simulations. Note that functional across-866 

brain coupling is required in the model to reproduce persisting inter-brain correlation after the 867 

removal of coordinated behaviors. 868 

See Materials and Methods section 3.7 for details. 869 

 870 

Figure 5 871 

Testing model predictions 872 

(A), (B), (D), (E), and (G) show model results and predictions, and (C), (F), and (H) show the 873 

corresponding data. 874 
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(A) The neural activity of two bats can be represented in a 2D space, using any choice of axes 875 

orientation for the space. In our model, the axes orientation determines the strength of coupling 876 

between the activity variables represented by the axes. Here, functional coupling between the 877 

activity variables in the one-chamber model is plotted against the axes orientation defining the 878 

activity variables. When the activity variables correspond to the activity of each bat (0° rotation), 879 

functional coupling is at its positive maximum. Functional coupling decreases as the axes rotate, 880 

becoming zero when the activity variables correspond to the mean and difference components 881 

(45° rotation). Three orientations of the axes are illustrated below the plot. The plotted functional 882 

coupling was normalized by the functional coupling at 0° rotation. 883 

(B) Correlation between the activity variables in the one-chamber model, plotted against the 884 

orientation of the axes of the activity space that defines the activity variables. Correlations were 885 

shown both before (teal) and after (brown) regressing out the behaviors of both bats from each 886 

activity variable. Shading indicates standard deviation across simulations. Note that the shape of 887 

the correlation curves mirrors that of functional coupling shown in (A), and that regressing out 888 

behaviors changes the magnitude, but not the shape of the correlation curve. 889 

(C) Same as (B), but for data from one-chamber sessions. Shading indicates standard deviation 890 

across sessions. Note that the data confirms the model predictions from (B). 891 

(D)-(F) Same as (A)-(C), but for the two-chambers model and data. Note that the data again 892 

confirms model predictions. 893 

(G) Scatter plot of power spectral centroid ratio (mean component centroid divided by difference 894 

component centroid) vs. variance ratio (mean component variance divided by difference 895 

component variance). Each circle is a simulation (filled: one-chamber model; open: two-896 

chambers model). Red dashed lines are total least squares regression lines. Note that the model 897 
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predicts linear relationships between the variance ratio and centroid ratio. See Figure 5²figure 898 

supplement 1 and Materials and Methods section 3.11 for detailed analysis of these relationships. 899 

(H) Same as (G), but for the data. Note that the prediction from (G) is confirmed by the data. 900 

 901 

Figure 6 902 

Testing further model predictions 903 

(A)-(C) show model results and predictions, and (D)-(F) show the corresponding data. 904 

(A) Distributions of the neural activity of bat 1 conditioned on the behavior of bat 2. %DW��¶V�905 

behavior has been regressed out of its neural activity. Two distributions are shown from an 906 

example simulation, for two example behaviors by bat 2 (behavior A: probing; behavior B: 907 

resting)��1RWH�WKDW�EDW��¶V�DFWLYLW\�HQFRGHV�EDW��¶V�EHKDYLRU�LQGHSHQGHQWO\�RI�LWV�RZQ�EHKDYLRU� 908 

(B) The extent to ZKLFK�EDW��¶V�DFWLYLW\�HQFRGHV�WKH�WZR�EHKDYLRUV�RI�EDW���LQ�WKH�H[DPSOH�IURP�909 

(A) is quantified using an ROC curve, which illustrates the discriminability of the two 910 

distributions from (A). The area under the ROC curve is indicated above the plot (larger area 911 

indicates better discriminability). 912 

(C) Area under the ROC curve is averaged across all simulations, bats, and behavior pairs, 913 

separately for one-chamber simulations and two-chambers simulations. :KHQ�XVLQJ�RQH�EDW¶V�914 

DFWLYLW\�WR�GLVFULPLQDWH�WKH�RWKHU�EDW¶V�EHKDYLRU��discriminability is significantly higher in one-915 

chamber simulations. Error bars denote standard deviations. *, p<0.05, Wilcoxon rank sum test. 916 

(D)-(F) Same as (A)-(C), but for mean normalized 30-150 Hz LFP power from the data. For the 917 

example in (D), behaviors A and B are active non-social and social grooming, respectively. Note 918 

that the data is consistent with model predictions. 919 

 920 
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Figure 7 921 

Group inter-brain relationship: model predictions and experimental tests 922 

(A) The two-bat model can be generalized to model the neural activity of a group of more than 923 

two socially interacting bats (the ݊-bat model). 924 

(B) The mechanism underlying the�݊-bat model, illustrated for the case of ݊ ൌ ͵ bats (three was 925 

chosen here only because higher-dimensional spaces cannot be illustrated). Shown are the mean 926 

component and the difference subspace in the activity space of ݊ bats. The mean component, 927 

corresponding to the mean activity across all bats, is a vector pointing towards the first octant. 928 

The difference subspace is the ሺ݊ െ ͳሻ-dimensional subspace orthogonal to the direction of the 929 

mean component, and it contains all inter-brain activity patterns that correspond to activity 930 

differences across brains. Similar to the two-bat model, functional across-brain coupling acts as 931 

positive feedback to the ݊-bat mean component, amplifying it and slowing it down; and as 932 

negative feedback to activity patterns in the difference subspace, suppressing them and speeding 933 

them up. 934 

(C)-(E) Model predictions from simulations of an ݊-bat model where ݊ ൌ Ͷ. 935 

(C) Model predictions on the variance of the mean component and the average variance of the 936 

difference subspace (total variance in the difference subspace divided by ݊ െ ͳ). Plotted are 937 

averages (േ standard deviation) across simulations. 938 

(D) Model predictions on the power spectral centroid of the mean component and the average 939 

power spectral centroid of the difference subspace (averaged across the power spectral centroids 940 

of activity in 1000 random directions in the difference subspace for a given simulation). Plotted 941 

are averages (േ standard deviation) across simulations. 942 
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(E) The model predicts positive inter-brain correlation and zero average correlation between the 943 

mean component and activity patterns in the difference subspace. Here, for each simulation, 944 

inter-brain correlation was averaged across all pairs of bats, and average correlation was 945 

calculated between the mean component and activity in 1000 random directions in the difference 946 

subspace. Plotted are averages (േ standard deviation) across simulations. 947 

(F)-(H) Experimental tests. Neural activity was simultaneously recorded from the frontal cortices 948 

of four bats while they interacted in a chamber, under the same condition as the one-chamber 949 

sessions from Figure 1A. Mean normalized 30-150 Hz LFP power from the four bats were 950 

analyzed using the same methods as in (C)-(E). Note that the experimental results confirm the 951 

qualitative trends from the model predictions (though the data differ quantitatively from the 952 

predictions; see Materials and Methods section 3.13). 953 

*, p<0.05, Wilcoxon signed rank test. 954 

 955 

Figure Supplement Legends 956 

Figure 1²figure supplement 1 957 

Neural recording location  958 

(A) An example bat brain reconstructed from block-face imaging, with the electrode location in 959 

frontal cortex indicated by a red circle.  960 

(B) Left: an example Nissl-stained coronal section, at the location of the red circle in (A), 961 

showing a tetrode track (dashed box). Right: zoomed-in view showing the tetrode track (arrow). 962 

Figure 1²figure supplement 1 is reprinted from Figure S1 from Zhang and Yartsev (2019), with 963 

permission from Elsevier. It is not covered by the CC-BY 4.0 license and further reproduction of 964 

this panel would need permission from the copyright holder. 965 
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 966 

Figure 1²figure supplement 2 967 

Inter-brain difference and mean components: 1-29 Hz LFP power 968 

Same figure format as Figure 1A-L. 969 

(A) One-chamber sessions: simultaneous neural recording from pairs of bats engaged in natural 970 

social interactions. 971 

(B) Mean normalized LFP power in the 1-29 Hz band (Materials and Methods sections 2.10), 972 

averaged across all channels for each bat, on an example one-chamber session. Shown above are 973 

the annotated behaviors. 974 

(C) The mean and difference components of the activity of the two bats shown in (B). 975 

(D) Autocorrelations (peak-normalized) of the mean and difference activity components shown 976 

in (C). The autocorrelations were computed after subtracting from each time series its average 977 

over time. Note that the difference component varied on faster timescales than the mean 978 

component. 979 

(E) Two-chambers sessions: simultaneous neural recording from the same bats from the one-980 

chamber sessions freely behaving in separate, identical chambers. 981 

(F)-(H) Same as (B)-(D), but for an example two-chambers session. 982 

(I)-(J) Variance (I) and power spectral centroid (J) of mean normalized 1-29 Hz LFP power, for 983 

the mean and difference components. Each dot is one one-chamber session (the purple dot is the 984 

session shown in (B)-(D)). Variance quantifies activity magnitude, and power spectral centroid 985 

quantifies timescale (higher centroids mean faster timescales). Note that, on one-chamber 986 

sessions, the difference component tends to be smaller and faster than the mean component. The 987 
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dotted lines are unity. Note that the power spectral centroid was calculated from time series of 988 

mean normalized LFP power (e.g., as plotted in (C)), not from time series of LFP itself. 989 

(K)-(L) Same as (I)-(J), but for two-chambers sessions. The purple dot is the session shown in 990 

(F)-(H). The mean and difference components have comparable magnitudes and timescales on 991 

the two-chambers sessions. 992 

 993 

Figure 1²figure supplement 3 994 

Inter-brain difference and mean components: multiunit activity 995 

Same figure format as Figure 1A-L. 996 

(A) One-chamber sessions: simultaneous neural recording from pairs of bats engaged in natural 997 

social interactions. 998 

(B) Activity of two multiunits, one from each brain, on an example one-chamber session. Shown 999 

above are the annotated behaviors. 1000 

(C) The mean and difference components of the activity of the two bats shown in (B). 1001 

(D) Autocorrelations (peak-normalized) of the mean and difference activity components shown 1002 

in (C). The autocorrelations were computed after subtracting from each time series its average 1003 

over time. Note that the difference component varied on faster timescales than the mean 1004 

component. 1005 

(E) Two-chambers sessions: simultaneous neural recording from the same bats from the one-1006 

chamber sessions freely behaving in separate, identical chambers. 1007 

(F)-(H) Same as (B)-(D), but for an example two-chambers session. 1008 

(I)-(J) Variance (I) and power spectral centroid (J) of multiunit activity, for the mean and 1009 

difference components. Each dot is one pair of multiunits (one from each brain) from one-1010 
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chamber sessions (the purple dot is the pair shown in (B)-(D)). Variance quantifies activity 1011 

magnitude, and power spectral centroid quantifies timescale (higher centroids mean faster 1012 

timescales). Note that, on one-chamber sessions, the difference component tends to be smaller 1013 

and faster than the mean component. The dotted lines are unity. 1014 

(K)-(L) Same as (I)-(J), but for two-chambers sessions. The purple dot is the pair of multiunits 1015 

shown in (F)-(H). The mean and difference components have comparable magnitudes and 1016 

timescales on the two-chambers sessions. 1017 

 1018 

Figure 1²figure supplement 4 1019 

Inter-brain difference and mean components: single unit activity 1020 

Same figure format as Figure 1A-L. 1021 

(A) One-chamber sessions: simultaneous neural recording from pairs of bats engaged in natural 1022 

social interactions. 1023 

(B) Activity of two single units, one from each brain, on an example one-chamber session. 1024 

Shown above are the annotated behaviors. 1025 

(C) The mean and difference components of the activity of the two bats shown in (B). 1026 

(D) Autocorrelations (peak-normalized) of the mean and difference activity components shown 1027 

in (C). The autocorrelations were computed after subtracting from each time series its average 1028 

over time. 1029 

(E) Two-chambers sessions: simultaneous neural recording from the same bats from the one-1030 

chamber sessions freely behaving in separate, identical chambers. 1031 

(F)-(H) Same as (B)-(D), but for an example two-chambers session. 1032 
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(I)-(J) Variance (I) and power spectral centroid (J) of single unit activity, for the mean and 1033 

difference components. Each dot is one pair of single units (one from each brain) from one-1034 

chamber sessions (the purple dot is the pair shown in (B)-(D)). Variance quantifies activity 1035 

magnitude, and power spectral centroid quantifies timescale (higher centroids mean faster 1036 

timescales). The dotted lines are unity. 1037 

(K)-(L) Same as (I)-(J), but for two-chambers sessions. The purple dot is the pair of single units 1038 

shown in (F)-(H). 1039 

 1040 

Figure 3²figure supplement 1 1041 

Comparing actual and simulated neural activity as a function of time. 1042 

(A)-(B) Neural activity (mean normalized LFP power in the 30-150 Hz band) on an example 1043 

experimental session is compared to model activity simulated using actual behaviors from that 1044 

session (instead of behaviors generated using a Markov chain). The activity and behavior of bats 1045 

1 and 2 are plotted in (A) and (B), respectively. The correlations between the actual and 1046 

simulated activity are indicated above each plot (the average correlation over all sessions and 1047 

bats is 0.72, with a standard deviation of 0.10). See Materials and Methods section 3.6 for details. 1048 

 1049 

Figure 3²figure supplement 2 1050 

Behavior models 1051 

(A)-(B) Comparison of three models for bat behavior: (1) a model where the behavioral state at 1052 

any time point is indepenGHQW�IURP�RWKHU�WLPH�SRLQWV��³,QGHSHQGHQW´�������D�ILUVW-order Markov 1053 

FKDLQ��³�VW-RUGHU�GHSHQGHQF\´�������D�VHFRQG-RUGHU�0DUNRY�FKDLQ��³�QG-RUGHU�GHSHQGHQF\´���1054 

Plotted are log-likelihoods under the three models on test sets not used for model fitting, for the 1055 
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one-chamber (A) and two-chambers (B) sessions. Error bars denote standard deviation across 1056 

100 random splits of the data into training and test sets. The first-order Markov chain had the 1057 

highest likelihood on average and were chosen as our behavior model (C)-(F). See Materials and 1058 

Methods section 3.5 for details. 1059 

(C)-(D) Empirical behavioral transition frequency matrix for the one-chamber (C) and two-1060 

chambers (D) sessions, used to simulate behaviors using first-order Markov chains (Materials 1061 

and Methods section 3.4). A behavioral state consists of the behaviors of both bats: e.g. one state 1062 

FRXOG�EH�³EDW���UHVWLQJ��EDW���VHOI-JURRPLQJ�´�(DFK�PDWUL[�VKRZV�WKH�IUHTXHQFLHV�RI�WUDQVLWLRQ�1063 

from one state at a given time to another state after a passage of 2.5 s (the time step size of the 1064 

Markov chains): the color of the matrix element at row i and column j denotes the frequency of 1065 

transitions from state j to state i. The states are labeled by color to the left and bottom of the 1066 

matrices. Here the diagonal elements (self-transitions) are larger than the off-diagonal elements 1067 

(transitions between states) because of the small time step size of the Markov chain. The 1068 

transition frequencies were calculated after pooling the behavioral data from all one-chamber (C) 1069 

or two-chambers (D) sessions. 1070 

(E) Multi-step transition matrix showing the transition probability from one state at a given time 1071 

to another state after a passage of 5 minutes, in the one-chamber model. This matrix was 1072 

obtained by raising the single-step transition matrix in (C) to the 120th power. Note that the 1073 

columns of the multi-step transition matrix are approximately identical, showing that the Markov 1074 

chain approaches the stationary distribution represented by the columns within ~5 minutes, i.e., 1075 

the distribution of states no longer changes with time ~5 minutes into a simulated session. 1076 

(F) Same as (E) but for the two-chambers model. 1077 
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(G) The probability of same-behavior states and different-behavior states in the stationary 1078 

distributions of the one-chamber and two-chambers models. A same-behavior state is defined as 1079 

a state where the two bats engage in the same behavior, and a different-behavior state is one 1080 

where the two bats engage in different behaviors. In the stationary distribution of the two-1081 

chambers Markov chain, same-behavior states (probability: 0.49) are about equally likely as 1082 

different-behavior states. In the stationary distribution of the one-chamber Markov chain, same-1083 

behavior states (probability: 0.58) are somewhat more likely than different-behavior states. 1084 

(H)-(I) The average variance ratio (H; mean component variance divided by difference 1085 

component variance) and average power spectral centroid ratio (I; mean component centroid 1086 

divided by difference component centroid), for variables from the model (blue, red, and purple) 1087 

and for mean normalized 30-150 Hz LFP power from the data (black). The model variables 1088 

include noiseless behavioral modulation (blue), noisy behavioral modulation (red), and neural 1089 

activity (purple); the relationships between the variables are illustrated in the dashed box 1090 

(Materials and Methods sections 3.4, 3.7). Note that in the one-chamber model, the noiseless 1091 

behavioral modulation of the mean component is larger and slower than that of the difference 1092 

component (blue). Behavioral modulation noise decreases the differential modulation of the 1093 

mean and difference components (red). However, even when the noise strongly reduces 1094 

differential behavioral modulation of the mean and difference components, the experimentally 1095 

observed levels of relative activity magnitudes and timescales can still result (purple), due to 1096 

functional across-brain coupling (Figure 3G-H and Materials and Methods section 3.7). The 1097 

plotted averages were taken across simulations for the model, and across sessions for the data. 1098 

The data (black) and simulated activity (purple) are replotted from Figure 3E-F. Error bars 1099 

denote standard deviations. See Materials and Methods section 3.7 for details. 1100 
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 1101 

Figure 4²figure supplement 1 1102 

A Kuramoto model of the inter-brain relationship 1103 

The Kuramoto model uses an alternative form of functional across-brain coupling compared to 1104 

our main model of Figure 3. In the Kuramoto model, the neural activity of the interacting bats 1105 

are abstracted as oscillators whose phases are dynamically coupled depending on their phase 1106 

difference. See Materials and Methods section 3.9 for details. 1107 

(A)-(B) Example simulation of the one-chamber Kuramoto model, shown as the activity of the 1108 

two bats (A) and as the mean and difference between bats (B). The model exhibits inter-brain 1109 

correlation, as well as a larger magnitude for the mean component compared to the difference 1110 

component. However, the difference and mean components have the same timescale in this 1111 

model (note that the difference and mean undergo the same number of oscillations per unit time). 1112 

(C)-(D) Same as (A)-(B), but for the two-chambers Kuramoto model. Here, the difference and 1113 

mean components have similar magnitudes and timescales. 1114 

(E)-(F) The average variance ratio (E; mean component variance divided by difference 1115 

component variance) and average power spectral centroid ratio (F; mean component centroid 1116 

divided by difference component centroid), for Kuramoto model simulations (purple) or mean 1117 

normalized 30-150 Hz LFP power from the data (black). The averages were taken across 1118 

simulations for the model, and across sessions for the data. Note that the Kuramoto model 1119 

reproduces the relative magnitudes, but not the relative timescales, from the data. The results for 1120 

data (black) are replotted from Figure 3E-F. Error bars denote standard deviations. *, p<0.05, 1121 

Wilcoxon rank sum test. 1122 

 1123 
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Figure 5²figure supplement 1 1124 

Analysis of linear relationship between power spectral centroid ratio and variance ratio 1125 

See Materials and Methods section 3.11 for details. 1126 

(A) Scatter plot of power spectral centroid ratio (mean component centroid divided by difference 1127 

component centroid) vs. variance ratio (mean component variance divided by difference 1128 

component variance), after small random perturbations to the behavioral modulation for a single 1129 

one-chamber simulation. Each dot is the result of one random perturbation. The blue line is the 1130 

analytic estimated direction of the linear trend (Materials and Methods section 3.11), and the 1131 

black line is the empirical direction of the linear trend calculated from 1000 random 1132 

perturbations (of which a random subset of 50 are plotted, for clarity). The black line is not 1133 

visible because it is overlapped by the blue line. Note that a clear linear trend is present despite 1134 

behavioral modulation being randomly perturbed. 1135 

(B) Same as (A) but for a two-chambers simulation. 1136 

(C) For a given one-chamber simulation, we estimated the eigenvalues of the covariance matrix 1137 

of power spectral centroid ratio and variance ratio resulting from random perturbations to the 1138 

behavioral modulation of that simulation (Materials and Methods section 3.11). Each eigenvalue 1139 

was then normalized by the sum of the eigenvalues. Plotted are the averages (േ standard 1140 

deviation) of the normalized eigenvalues across simulations, with eigenvalue 1 being the larger 1141 

eigenvalue from each simulation. Note that one eigenvalue was larger than the other across 1142 

simulations, indicating a linear trend. 1143 

(D) Same as (C) but for two-chambers simulations. Note that, again, one eigenvalue tended to be 1144 

larger than the other. 1145 
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(E) The slopes of the global (red) and local (black) linear relationships between power spectral 1146 

centroid ratio and variance ratio. The global slopes are the slopes of the linear fit across 1147 

simulations (like the red dashed lines in Figure 5G, but for 100 simulations). The local slopes are 1148 

the slopes of the blue lines in (A)-(B): for each simulation, the local slope was calculated from 1149 

the leading eigenvector of the covariance matrix of power spectral centroid ratio and variance 1150 

ratio resulting from random perturbations (Materials and Methods section 3.11). The average 1151 

local slopes across simulations were then plotted (error bars denote standard deviations). Note 1152 

that the local slopes, which are not influenced by systematic variations of behavioral modulation 1153 

across simulations, are consistent with the global slopes. 1154 

 1155 

Materials and Methods 1156 

1 REQUEST FOR RESOURCES 1157 

Further information and requests for resources should be directed to Michael M. Yartsev 1158 

(myartsev@berkeley.edu). 1159 

 1160 

2 EXPERIMENTAL AND DATA PROCESSING METHODS 1161 

The data analyzed in this study have been previously published in Zhang and Yartsev 1162 

(2019) and Rose et al. (2021). The details of experimental methods and data processing methods 1163 

for the two-bat social interaction experiments were published in Zhang and Yartsev (2019); the 1164 

details for the group social interaction experiments were published in Rose et al. (2021); 1165 

therefore here we present a brief summary of the published methods. All data processing was 1166 

performed using MATLAB (MathWorks). 1167 

 1168 
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2.1 Experimental subjects 1169 

Data was collected from eight adult male Egyptian fruit bats (Rousettus aegyptiacus). All 1170 

procedures were approved by the Animal Care and Use Committee of UC Berkeley. 1171 

 1172 

2.2 Experimental setup 1173 

 Experiments were conducted inside 40.6 X 33.7 X 52.1 cm (length X width X height) 1174 

cages, placed in dark chambers. High-speed infrared video cameras (Flea3 or Chameleon3, FLIR) 1175 

were used to record videos of the bats, and ultrasonic microphones (USG Electret Ultrasound 1176 

Microphone, Avisoft Bioacoustics) were used to record audio. 1177 

The experiments included one-chamber sessions and two-chambers sessions. In the one-1178 

chamber sessions, bats behaved freely and interacted with each other inside a chamber. In the 1179 

two-chambers sessions, bats behaved freely in separate, identical chambers. There were three 1180 

types of two-chambers sessions: (1) two bats each freely behaving in isolation; (2) two bats each 1181 

freely behaving in the presence of identical auditory stimuli (playback of bat calls); (3) two bats 1182 

each freely behaving and interacting with a different partner in separate chambers. 1183 

 1184 

2.3 Behavior annotation 1185 

 For the two-bat experiments, the behaviors of the bats were manually annotated by 1186 

experienced observers. The annotated behaviors and their definitions are as follows.  1187 

x Resting. A bat hanging by its feet, with its head and body still. 1188 

x Active non-social��$�EDW�HQJDJLQJ�LQ�DQ\�NLQG�RI�DFWLYH�EHKDYLRU�WKDW�GRHVQ¶W�LQYROYH�1189 

social interaction, including: the bat hanging by its feet or feet and thumbs, and moving 1190 
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its head or body; the bat climbing or crawling around; the bat shaking its body; the bat 1191 

jumping or flying off from the roof of the cage. 1192 

x Self-grooming. A bat either licking or scratching itself. 1193 

x Social grooming. A bat either licking or scratching another bat. 1194 

x Probing. A bat poking its snout at the head or body of another bat. 1195 

x Fighting. A bat moving its wings or thumbs to quickly hit another bat, or biting another 1196 

bat. 1197 

x Mating��$�PDOH�EDW�LQVHUWLQJ�RU�DWWHPSWLQJ�WR�LQVHUW�LWV�SHQLV�LQWR�D�IHPDOH�EDW¶V�YDJLQD� 1198 

x Wing covering��$�EDW�VWUXJJOLQJ�ZLWK�DQRWKHU�EDW�LQ�RUGHU�WR�FRYHU�WKH�RWKHU�EDW¶V�ERG\�1199 

with its opened wings. 1200 

x Reaching. A bat attempting to reach over the body or wings of another bat with its head 1201 

or thumbs. 1202 

x Blocking. A bat using its wings to actively block another bat from accessing a location. 1203 

x Other interactions. Any social interaction other than the ones already defined. 1204 

 1205 

2.4 Surgery 1206 

Anesthesia and surgery were performed as described previously in Yartsev and 1207 

Ulanovsky (2013) to implant the bats with four-tetrode microdrives (Harlan 4 Drive, Neuralynx). 1208 

To target the frontal cortex, the center of craniotomy was positioned at 1.7 mm lateral to the 1209 

midline and 12.19 mm anterior to the transverse sinus located between cortex and cerebellum.  1210 

 1211 

2.5 Electrophysiological recording 1212 
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Electrophysiology was performed using a wireless neural data logging system (Neurolog-1213 

16 and MouseLog-16, Deuteron Technologies). Tetrodes were advanced ventrally every one to 1214 

two days (mostly by 20-160 µm), to record activity at different sites. 1215 

 1216 

2.6 Histology 1217 

To determine the neural recording sites, we performed histology as previously described 1218 

(Yartsev and Ulanovsky, 2013), using Nissl staining. 1219 

 1220 

2.7 Preprocessing of electrophysiological data 1221 

 To obtain LFP, we low-pass filtered the raw voltage traces (cut-off frequency: 200 Hz), 1222 

and then downsampled it to 496.6 Hz (the two-bat experiments) or 520.8 Hz (the four-bat 1223 

experiments). 1224 

We detected spikes from band-pass filtered (600-6000 Hz) voltage traces using threshold 1225 

crossing. Spike sorting was done automatically using SNAP Sorter (Neuralynx), then manually 1226 

checked using SpikeSort3D (Neuralynx). For each tetrode on each session, all spikes not 1227 

assigned to single units were grouped into a multiunit. All units with firing rate below 2 Hz were 1228 

excluded from further analysis. 1229 

 1230 

2.8 Calculation of LFP spectrograms 1231 

 To calculate LFP spectrograms, power spectra were calculated using the multitaper 1232 

method for 5 s sliding windows of the LFP trace, with 2.5 s overlap between consecutive 1233 

windows. To analyze different frequencies of the LFP on equal footing, we separately peak-1234 

normalized the power at each frequency for each spectrogram. 1235 
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 1236 

2.9 Calculation of firing rates 1237 

 Firing rates for single units and multiunits were computed in 5 s bins with 2.5 s overlap 1238 

between consecutive bins. 1239 

 1240 

2.10 Dimensionality reduction of LFP 1241 

 Previously, we found that the spectrograms of bat frontal cortical LFP can be reduced to 1242 

two signals, power in the 1-29 Hz band and the 30-150 Hz band (Zhang and Yartsev, 2019). To 1243 

analyze these signals, for a given normalized LFP spectrogram (with power peak-normalized for 1244 

each frequency), we averaged the normalized power values across 1-29 Hz and across 30-150 Hz 1245 

at each time bin. 7KLV�LV�WKH�³PHDQ�QRUPDOL]HG�/)3�SRZHU´�XVHG�IRU�DOO�DQDO\VHV�LQ�WKLV�SDSHU�1246 

involving LFP power (e.g., Figure 1C). 1247 

 1248 

3 ANALYSIS AND MODELING 1249 

All analysis and modeling were performed using MATLAB (MathWorks). 1250 

 1251 

3.1 Statistical tests 1252 

 The statistical tests used are stated in the figure legends. A significance level of 0.05 was 1253 

used for all tests. Tests were two-tailed unless otherwise indicated. 1254 

 1255 

3.2 Inter-brain difference and mean components: definition and quantification 1256 

 The neural activity of two bats can be represented as a two-dimensional vector ൬
ሻݐଵሺࢇ
ሻݐଶሺࢇ

൰, 1257 

where ࢇଵሺݐሻ and ࢇଶሺݐሻ are the neural activity (normalized LFP power, multiunit activity, or 1258 
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single unit activity) of bat 1 and bat 2 at time ݐ, respectively. Through a change of basis, the 1259 

same activity can be represented under another orthogonal basis as the mean and difference 1260 

between the two brains: ൬
ሻݐெሺࢇ
ሻݐ஽ሺࢇ

൰ ൌ ଵ
ଶ
൬ࢇଵ

ሺݐሻ ൅ ሻݐଶሺࢇ
ሻݐଵሺࢇ െ ሻݐଶሺࢇ

൰, where ࢇெሺݐሻ is the mean component of 1261 

the activity, and ࢇ஽ሺݐሻ is the difference component. Here, the difference component is defined as 1262 

ଵ
ଶ
ሾࢇଵሺݐሻ െ ሻݐଵሺࢇ ሻሿ rather thanݐଶሺࢇ െ  ሻ so as to have the same scale as the mean component. 1263ݐଶሺࢇ

 ሻ represents 1264ݐ஽ሺࢇ ሻ represents the common activity pattern shared between the brains, andݐெሺࢇ

the activity difference between the brains. 1265 

To quantify the magnitude of an activity component on a given session, we computed the 1266 

variance of its time series over the session. To quantify the timescales of an activity component 1267 

on a given session, we computed its power spectral centroid as follows. Given the time series of 1268 

an activity component over the session, we subtracted from it its average over time, multiplied it 1269 

with a Hamming window, and then computed the periodogram estimate of its power spectrum. 1270 

The power spectral centroid is then computed as a weighted average of frequency, with the 1271 

power at each frequency as its weight. A higher power spectral centroid means that the activity 1272 

has more power at higher frequencies, so that the time series varied at faster timescales. Note that 1273 

the power spectral centroid was always calculated from time series of mean normalized LFP 1274 

power or firing rate, and not from time series of LFP itself. 1275 

 1276 

3.3 Surrogate data and the relationship between inter-brain correlation and mean and difference 1277 

components 1278 

In our data from one-chamber sessions, the mean component had large magnitudes and 1279 

slow timescales, and the difference component had small magnitudes and fast timescales. The 1280 

relative magnitudes of the two components are expected, given that activity from the two bats 1281 
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showed similar patterns over time (Figure 1C), with high positive inter-brain correlations (Zhang 1282 

and Yartsev, 2019); as explained below, a positive correlation mathematically implies larger 1283 

variance for the mean component compared to the difference component. What about their 1284 

timescales? Are the observed relative timescales of the two components necessary mathematical 1285 

consequences of high inter-brain correlations, large mean components, and small difference 1286 

components? 1287 

 To answer this, we examine the relationship between inter-brain correlation and the mean 1288 

DQG�GLIIHUHQFH�FRPSRQHQWV��/HW¶V�XVH࡭�ଵ, a column vector, to denote the activity of bat 1 during 1289 

a session, and similarly, ࡭ଶ for the activity of bat 2. ࡭ଵ and ࡭ଶ are ܰ-dimensional vectors, where 1290 

ܰ is the number of time points in the session. The activity of the mean component is ࡭ெ ൌ1291 

ሺ࡭ଵ ൅ ஽࡭ ଶሻȀʹ, and the activity of the difference component is࡭ ൌ ሺ࡭ଵ െ  ෡ଵ to 1292࡭ ଶሻȀʹ. We use࡭

denote the mean-subtracted version of ࡭ଵ �KHUH�³PHDQ-VXEWUDFWHG´�UHIHUV�WR�VXEWUDFWLQJ�WKH�1293 

average across the elements of a vector, i.e., across time, not to be confused with the average 1294 

DFURVV�EDWV��DV�LQ�WKH�³PHDQ�FRPSRQHQW´���DQG�VLPLODUO\࡭��෡ଶ, ࡭෡ெ, and ࡭෡஽ for mean-subtracted 1295 

versions of the respective vectors. Then, the Pearson correlation coefficient between the activity 1296 

of two brains is: 1297 

݊݋݅ݐ݈ܽ݁ݎݎ݋ܥ ൌ
෡ଵ்࡭

ට࡭෡ଵ்࡭෡ଵ
�

෡ଶ࡭

ට࡭෡ଶ்࡭෡ଶ
 

ൌ
൫࡭�෡ெ ൅ ෡஽൯࡭

்

ට൫࡭�෡ெ ൅ ෡஽൯࡭
்൫࡭�෡ெ ൅ ෡஽൯࡭

�
൫࡭�෡ெ െ ෡஽൯࡭

ට൫࡭�෡ெ െ ෡஽൯࡭
்൫࡭�෡ெ െ ෡஽൯࡭

 

ൌ
෡ெ்࡭ ෡ெ࡭ െ ෡஽࡭෡஽்࡭

ට൫࡭෡ெ் ෡ெ࡭ ൅ ෡஽൯࡭෡஽்࡭
ଶ െ Ͷ൫࡭෡ெ் ෡஽൯࡭

ଶ
͓ሺͳሻ  
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Thus, the correlation depends on the quantities ࡭෡ெ் ෡ெ்࡭෡஽, and ൫࡭෡஽்࡭ ,෡ெ࡭ ෡஽൯࡭
ଶ
. Note that 1298 

෡ெ்࡭  ෡஽ is ܰ times the variance of the 1299࡭෡஽்࡭ ෡ெ is ܰ times the variance of the mean component, and࡭

difference component. A positive correlation requires the numerator in equation (1) to be 1300 

positive, in other words, the mean component having larger variance than the difference 1301 

component, as stated above. 1302 

Equation (1) also shows that having a given combination of correlation, mean component 1303 

variance, and difference component variance does not place constraints on the timescales of the 1304 

mean and difference components. Specifically, it does not constrain the difference component to 1305 

be faster than the mean. To explicitly demonstrate this, we generated surrogate data with 1306 

identical inter-brain correlation, mean component variance, and difference component variance 1307 

as actual data, but having a slower difference component than the mean component (Figure 2). 1308 

The surrogate data in Figure 2A-C were generated from the actual 30-150 Hz LFP power 1309 

data of the example session shown in Figure 1C, by keeping the mean component of the actual 1310 

data, and replacing the difference component with a surrogate, using the following procedure. 1311 

Below we denote the actual data by ࡭஽, ࡭෡஽, etc. as above, and denote their surrogate 1312 

counterparts by ࡿ஽, ࡿ෡஽, etc. We generated a random ܰ ൈ ͳ activity vector by picking each 1313 

element independently from the uniform distribution between 0 and 1, smoothed it with a 1000-1314 

VHFRQG�PRYLQJ�DYHUDJH�ILOWHU��DQG�VXEWUDFWHG�IURP�LW�WKH�DYHUDJH�DFURVV�LWV�HOHPHQWV��/HW¶V�FDOO�1315 

the resulting vector ࡾ෡. Due to the smoothing, ࡾ෡ varied on slow timescales. We then found the 1316 

component of ࡾ෡ that is orthogonal to ࡭෡ெ: ࡾ෡ை ൌ ෡ࡾ െ ሾሺࡾ෡்࡭෡ெሻȀሺ࡭෡ெ்  ෡ெ. Next, we 1317࡭�෡ெሻሿ࡭

constructed a vector ࡿ෡஽ᇱ  as a linear combination of ࡭෡ெ and ࡾ෡ை:ࡿ�෡஽ᇱ ൌ ���ሾ������ሺ࡭෡ெ்  ෡஽Ȁ1318࡭

ට࡭෡ெ் ෡஽ሻሿ࡭෡஽்࡭෡ெ࡭ ෡ெ்࡭෡ெȀට࡭ ෡ெ࡭ ൅  ෡஽, obtained by 1319ࡿ ෡஽ is the vector࡭ ෡ை. The surrogate forࡾ෡ை்ࡾ෡ைȀටࡾ
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scaling ࡿ෡஽ᇱ  to have the same vector norm as ࡭෡஽: ࡿ෡஽ ൌ ሺට࡭෡஽்࡭෡஽�Ȁටࡿ෡஽ᇱ்ࡿ෡஽ᇱ ሻࡿ�෡஽ᇱ . The surrogate 1320 

difference component is then ࡿ஽ ൌ ෡஽ࡿ ൅  ஽. 1321࡭ ഥ஽ is the average across the elements of࡭ ഥ஽, where࡭

The surrogate activity of bat 1 and bat 2 are, respectively, ࡿଵ ൌ ெ࡭ ൅ ଶࡿ ஽ andࡿ ൌ ெ࡭ െ  ஽. 1322ࡿ

This procedure ensures that ࡿ෡஽்ࡿ෡஽ ൌ ෡ெ்࡭෡஽ and ൫࡭෡஽்࡭ ෡஽൯ࡿ
ଶ ൌ ൫࡭෡ெ் ෡஽൯࡭

ଶ
, so that the surrogate data 1323 

had identical inter-brain correlation, mean component variance, and difference component 1324 

variance as the actual data from which it was generated. Note that here we chose to leave the 1325 

mean component ࡭ெ from the actual data unchanged in generating the surrogate data, so that the 1326 

surrogate ࡿଵ and ࡿଶ show qualitatively similar behavioral modulation over time as the actual 1327 

data ࡭ଵ and ࡭ଶ��EXW�LW¶V�DOVR�SRVVLEOH�WR�UHSODFH�ERWK࡭�ெ and ࡭஽ with surrogate counterparts. 1328 

 For Figure 2D-E, we repeated the above procedure for each of the one-chamber sessions 1329 

from the actual data set, using the actual 30-150 Hz LFP power data. 1330 

 1331 

3.4 Modeling: procedure 1332 

Our goal of modeling was to reproduce the observed relationship between difference and 1333 

mean components using a model that is simple and parsimonious, in order to unambiguously 1334 

identify the underlying computational mechanisms. We modeled the time evolution of the neural 1335 

activity of two bats using the following differential equation: 1336 

߬
ሻݐሺࢇ݀
ݐ݀

ൌ ሻݐሺࢇ࡯ ൅ ሻ͓ሺʹሻݐሺ࢈  

Here ߬ is a time constant; ݐ is time; ࢇሺݐሻ ൌ ൬
ሻݐଵሺࢇ
ሻݐଶሺࢇ

൰ is the activity of bat 1 and bat 2 at time 1337 ;ݐ 

࡯ ൌ ൬െ࡯ௌ ூ࡯
ூ࡯ െ࡯ௌ

൰ is the functional coupling matrix, where ࡯ௌ is the strength of functional self-1338 

coupling and ࡯ூ is the strength of functional across-brain coupling; ࢈ሺݐሻ ൌ ൬
ሻݐଵሺ࢈
ሻݐଶሺ࢈

൰ is the 1339 
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strengths of behavioral modulation, where ࢈ଵሺݐሻ is the modulation of the neural activity of bat 1 1340 

by the behavior of bat 1 at time ݐ, and similarly for ࢈ଶሺݐሻ. 1341 

 The functional across-brain coupling term, ࡯ூ, represents the indirect influence (as 1342 

RSSRVHG�WR�GLUHFW�LQIOXHQFH�IURP�DQ�DFWXDO�QHXUDO�FRQQHFWLRQ��RQH�EDW¶V�QHXUDO activity has on the 1343 

RWKHU�EDW¶V�QHXUDO�DFWLYLW\��)RU�RQH-chamber sessions, ࡯ூ ൐ Ͳ, which models positive functional 1344 

coupling when the two bats share a social environment (Hasson et al., 2012). For example, when 1345 

EDW��¶V�QHXUDO�DFWLYLW\��VD\����-150 Hz LFP power) increases due to its active movements 1346 

(Gervasoni et al., 2004; McGinley et al., 2015), the movements create sensory inputs to bat 2, 1347 

ZKLFK�FDQ�LQFUHDVH�EDW��¶V�QHXUDO�DFWLYLW\�WR�WKH�H[WHQW�WKDW�EDW���LV�SD\LQJ�DWWHQWLRQ��&KXQ�HW�DO���1348 

2011; Driver, 2001; Fritz et al., 2007; Reynolds and Chelazzi, 2004). For two-chambers sessions, 1349 

ூ࡯ ൌ Ͳ since the two bats are separated. To ensure stability (so that neural activity do not go to 1350 

infinity), െ࡯ௌ must be negative and must have a larger absolute value than ࡯ூ; thus, Ͳ ൑ ூ࡯ ൏  ௌ. 1351࡯

 To generate ࢈ሺݐሻ IRU�D�VLPXODWLRQ��ZH�ILUVW�VLPXODWHG�WKH�EDWV¶�EHKDYLRUV�XVLQJ�D�0DUNRY�1352 

chain. Each state of the Markov chain corresponds to the behaviors of the two bats at a given 1353 

time: e.g., bat 1 resting and bat 2 self-grooming would be one state. For the Markov chain for 1354 

one-chamber sessions, the transition probability matrix, initial distribution, and state space were 1355 

determined as follows. The transition probability from one state to another is taken to be the 1356 

empirical frequency of that transition during all one-chamber sessions. To calculate the empirical 1357 

frequency, the behavior of each bat was sampled every 2.5 s, at the same time points as the 1358 

neural activity (i.e., the center time point of each window used to calculate LFP power). A 1359 

transition was counted for each consecutive pair of time points (in the rare instances where a bat 1360 

engaged in multiple behaviors at the same time point, one transition was counted for each of the 1361 

simultaneous behaviors). The initial distribution was taken to be the distribution of the 1362 
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behavioral state at the first time point of each one-chamber session. For these calculations, the 1363 

WZR�EDWV�ZHUH�DVVXPHG�WR�EH�V\PPHWULFDO��LQ�WKH�IROORZLQJ�VHQVH��8VLQJ�³$%´�WR�GHQRWH�WKH�VWDWH�1364 

RI�³EDW���HQJDJLQJ�LQ�EHKDYLRU�$��EDW���HQJDJLQJ�LQ�EHKDYLRU�%´��ZH�FRQVLGHU�WKH�WUDQVLWLRQV�1365 

³$%ĺ&'´�DQG�³&'ĺ$%´�WR�KDYH�WKH�VDPH�WUDQVLWLRQ�SUREDELOLW\��:KHQ�FDOFXODWLQJ�WKH�1366 

HPSLULFDO�WUDQVLWLRQ�IUHTXHQFLHV��WKH�FRXQW�IRU�³$%ĺ&'´�DQG�WKH�FRXQW�IRU�³&'ĺ$%´�ZHUH�1367 

each WDNHQ�WR�EH�WKH�VXP�RI�WKH�DFWXDO�FRXQWV�IRU�³$%ĺ&'´�DQG�³&'ĺ$%´��7KLV�DSSOLHG�DOVR�1368 

to states where both bats were engaging in the same behavior: e.g., the count for the transition 1369 

³$$ĺ$$´�ZDV�WDNHQ�WR�EH�GRXEOH�WKH�DFWXDO�FRXQW��7KLV�V\PPHWU\�DVVXPSWLRQ�Zas made for 1370 

simplicity, and to allow behavioral data from different pairs of bats to be pooled together. Once 1371 

the empirical transition frequencies were calculated, if there were less than 100 transitions from a 1372 

given state, then that state was excluded from the state space. The same procedures were used to 1373 

determine the transition probability matrix, initial distribution, and state space for the two-1374 

chambers Markov chain. The transition probability matrices for one-chamber and two-chambers 1375 

sessions are shown in Figure 3²figure supplement 2C-D. 1376 

)RU�HDFK�VLPXODWHG�VHVVLRQ��ZH�VLPXODWHG�WKH�EDWV¶�EHKDYLRUV�IRU�����PLQXWHV�XVLQJ�WKH�1377 

Markov chain (with 2.5 s between steps, the behavioral sampling period used when calculating 1378 

the empirical transition frequency). The first state of each simulated session was drawn randomly 1379 

from the appropriate initial distribution. From the simulated behaviors, ࢈ሺݐሻ was determined at 1380 

the discrete time points of the Markov chain steps (at integer multiples of 2.5 s). At the time 1381 

point of a given Markov chain step, say ݐଵ,࢈�ሺݐଵሻ was the sum of the noiseless deterministic 1382 

behavioral modulation ࢈ௗሺݐଵሻ and the behavioral modulation noise ࢈௡ሺݐଵሻ.࢈�ௗሺݐଵሻ depended on 1383 

the behaviors of the two bats at time ݐଵ. For example, if bat 1 was resting and bat 2 was engaging 1384 

in self-grooming at time ݐଵ, then ࢈ௗሺݐଵሻ ൌ ቆ
ܾ௥௘௦௧௜௡௚

ܾ௦௘௟௙ି௚௥௢௢௠௜௡௚
ቇ ൅ ܾ௖௢௡௦௧௔௡௧, where ܾ௥௘௦௧௜௡௚ and 1385 
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ܾ௦௘௟௙ି௚௥௢௢௠௜௡௚ are parameters specifying the level of behavioral modulation associated with the 1386 

two behaviors, and ܾ௖௢௡௦௧௔௡௧ is a constant offset that differs between the one-chamber and two-1387 

chambers models, reflecting the effects of the general level of arousal that differs between the 1388 

two conditions. See section 3.14 below for the parameter values for all the behaviors and 1389 

ܾ௖௢௡௦௧௔௡௧. For the behavioral modulation noise, the two elements (for the two bats) of ࢈௡ሺݐଵሻ 1390 

was each drawn independently from a Gaussian distribution with zero mean and standard 1391 

deviation ߪ௡. After determining ࢈ሺݐሻ ൌ ሻݐௗሺ࢈ ൅  ሻ at the discrete time points of the Markov 1392ݐ௡ሺ࢈

chain steps, ࢈ሺݐሻ at time points in-between were linearly interpolated. 1393 

Having simulated the behaviors and generated ࢈ሺݐሻ for a 100-minute session, we set the 1394 

initial condition ࢇሺͲሻ to be the fixed point under the initial noiseless behavioral modulation 1395 

ሺͲሻࢇ :ௗሺͲሻ࢈ ൌ െି࡯ଵ࢈ௗሺͲሻ. Then, equation (2) was numerically integrated (ode45 function in 1396 

MATLAB) to simulate neural activity ࢇሺݐሻ. The only differences between simulations of one-1397 

chamber and two-chambers sessions were the value of ࡯ூ and the behavior transition probability 1398 

matrix. For analyses and figures involving ࢇሺݐሻ, ࢈ሺݐሻ, ࢈ௗሺݐሻ, and ࢈௡ሺݐሻ (Figures 3-7 and their 1399 

figure supplements), we used their values taken at discrete time points corresponding to the 1400 

Markov chain steps (i.e., same sampling period as the data). 1401 

 1402 

3.5 Modeling: comparing behavior models  1403 

 As described in the previous section, we modeled the behavior of the bats using a Markov 1404 

chain. To justify this choice, we tested the Markov assumption by comparing three behavior 1405 

models, including the Markov chain model we used. The first model is the independent model, 1406 

where the behavioral state at a given time point is independent from the state at other time points. 1407 

The second model is the 1st-order dependency model, where the behavioral state at a given time 1408 
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point depends on the state at the previous time point only; this was implemented as a part of our 1409 

main model in the previous section, and it corresponds to the Markov assumption. The third 1410 

model is the 2nd-order dependency model, where the behavioral state at a given time point 1411 

depends on the states at the two previous time points. Models with longer time-dependencies (ุ3) 1412 

were not tested because the number of parameters grows exponentially with model order and 1413 

cannot be fitted with our dataset. 1414 

 The three models were each fitted separately for the one-chamber and two-chambers 1415 

sessions. Each type of sessions was split into a training set and a test set of sessions (80% of the 1416 

sessions for training and 20% for test). The models were fit by setting the probabilities or 1417 

conditional probabilities of behaviors to the empirically observed frequencies (Laplace 1418 

smoothing was used to avoid assigning zero probability to unobserved events). Then, the log-1419 

likelihood of the test set under each model was calculated. This procedure was repeated for 100 1420 

random splits of the data into training and test sets, and the log-likelihoods are shown in Figure 1421 

3²figure supplement 2A-B. 1422 

 As shown in Figure 3²figure supplement 2A-B, the 1st-order model had the highest 1423 

likelihood on average. This does not necessarily prove that bat behavior obeys the Markov 1424 

assumption (e.g., given more data, LW¶V�SRVVLEOH�WKDW�better 2nd-order and higher-order models 1425 

could be fit). But it does mean that, given the amount of data we have, the best behavior model 1426 

that we can fit is the 1st-order Markov chain, supporting its use in our main model described in 1427 

the previous section. 1428 

 1429 

3.6 Modeling: comparing actual and simulated neural activity as a function of time 1430 
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To compare neural activity as a function of time between the data and the model, we 1431 

simulated our model using experimentally observed behaviors. In other words, rather than 1432 

generating ࢈ሺݐሻ from behaviors simulated using a Markov chain, we generated ࢈ሺݐሻ based on the 1433 

actual behaviors observed on a given experimental session. Neural activity was then simulated 1434 

and compared to the actual neural activity on that experimental session. To quantify how well the 1435 

model reproduces neural activity over time, we calculated the correlation between simulated and 1436 

actual neural activity for each session and each bat: the average correlation over all sessions and 1437 

bats is 0.72 (standard deviation 0.10). An example session is shown in Figure 3²figure 1438 

supplement 1. 1439 

 1440 

3.7 Modeling: magnitudes and timescales of mean and difference components 1441 

 How is the model able to reproduce the set of experimental observations relating the 1442 

magnitudes and timescales of the mean and difference components (Figure 3E-F)? To understand 1443 

the mechanisms in the model, we examine equation (2). In general, in equations of this form, the 1444 

activity variables are coupled: for example, in the one-chamber model, the activity of bat 1 ࢇଵሺݐሻ 1445 

influences the activity of bat 2 ࢇଶሺݐሻ, which in turn feeds back on ࢇଵሺݐሻ. It is easier to 1446 

understand how the activity evolves if we express the equation in a basis in which the activity 1447 

variables uncouple. This basis consists of the eigenvectors of the functional coupling matrix 1448 .࡯ 

The eigenvectors of ࡯ are ቀͳͳቁ and ቀ ͳെͳቁ, with respective eigenvalues െ࡯ௌ ൅ ௌ࡯ூ and െ࡯ െ  ூ. 1449࡯

We define ࢂ to be the matrix whose columns are the eigenvectors: ࢂ ൌ ቀͳ ͳ
ͳ െͳቁ. Expressed in 1450 

the eigenvector basis, the activity variables become the mean activity across bats, and the 1451 

difference in activity between bats: ିࢂଵ ൬
ሻݐଵሺࢇ
ሻݐଶሺࢇ

൰ ൌ ଵ
ଶ
൬ࢇଵ

ሺݐሻ ൅ ሻݐଶሺࢇ
ሻݐଵሺࢇ െ ሻݐଶሺࢇ

൰ ൌ ൬
ሻݐெሺࢇ
ሻݐ஽ሺࢇ

൰. Thus, the 1452 
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uncoupled activity variables are precisely what we are interested in: the mean and difference 1453 

components. Similarly, in the eigenvector basis, the behavioral modulation variables are the 1454 

mean behavioral modulation and the difference in behavioral modulation: ିࢂଵ ൬
ሻݐଵሺ࢈
ሻݐଶሺ࢈

൰ ൌ1455 

ଵ
ଶ
൬࢈ଵ

ሺݐሻ ൅ ሻݐଶሺ࢈
ሻݐଵሺ࢈ െ ሻݐଶሺ࢈

൰ ൌ ൬
ሻݐெሺ࢈
ሻݐ஽ሺ࢈

൰Ǥ Thus, in the eigenvector basis, equation (2) is 1456 

߬
݀
ݐ݀ ൬

ሻݐெሺࢇ
ሻݐ஽ሺࢇ

൰ ൌ ൬െ࡯ௌ ൅ ூ࡯ Ͳ
Ͳ െ࡯ௌ െ ூ࡯

൰ ൬
ሻݐெሺࢇ
ሻݐ஽ሺࢇ

൰ ൅ ൬
ሻݐெሺ࢈
ሻݐ஽ሺ࢈

൰ ͓ሺ͓͵ሻ  

In the one-chamber model, ࡯ூ ൐ Ͳ, so functional across-brain coupling acts as positive feedback 1457 

to the mean component and negative feedback to the difference component. The effects of such 1458 

opposite feedback to the two components can be seen more clearly by rewriting equation (3) as 1459 

the following uncoupled differential equations: 1460 

߬
ௌ࡯ െ ூ࡯

ሻݐெሺࢇ݀
ݐ݀

ൌ െࢇெሺݐሻ ൅
ሻݐெሺ࢈
ௌ࡯ െ ூ࡯

͓ሺͶሻ  

߬
ௌ࡯ ൅ ூ࡯

ሻݐ஽ሺࢇ݀
ݐ݀

ൌ െࢇ஽ሺݐሻ ൅
ሻݐ஽ሺ࢈
ௌ࡯ ൅ ூ࡯

͓ሺͷሻ  

Thus, at any given time ࢇ ,ݐெሺݐሻ is exponentially approaching ࢈ಾሺ௧ሻ
಺࡯ೄି࡯

 with effective time 1461 

constant ఛ
಺࡯ೄି࡯

, and ࢇ஽ሺݐሻ is exponentially approaching ࢈ವሺ௧ሻ
಺࡯ೄା࡯

 with effective time constant ఛ
಺࡯ೄା࡯

. 1462 

In the one-chamber model, Ͳ ൏ ூ࡯ ൏ ௌ, so  Ͳ࡯ ൏ ௌ࡯ െ ூ࡯ ൏ ௌ࡯ ൅  ூ. This means that in the 1463࡯

one-chamber model, relative to the two-chambers model where ࡯ூ ൌ Ͳ, the positive feedback 1464 

provided by functional across-brain coupling amplifies the mean component and slows it down. 1465 

On the other hand, the negative feedback suppresses the difference component and speeds it up. 1466 

Thus, the model suggests this opposite feedback to be a potential computational mechanism that 1467 

explains all of our observations relating the magnitudes and timescales of the mean and 1468 

difference components. 1469 
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The only differences between the one-chamber and two-chambers models were the value 1470 

of ࡯ூ and the behavioral transition probability matrix. Having understood the effects of ࡯ூ, we 1471 

now turn to the effects of the different transition probability matrices, which govern the Markov 1472 

chain behavior models. For each Markov chain, we calculated its stationary distribution as the 1473 

eigenvector of its transition probability matrix corresponding to an eigenvalue of 1, which was 1474 

confirmed numerically in Figure 3²figure supplement 2E-F. Figure 3²figure supplement 2E-F 1475 

shows that, for both the one-chamber and two-chambers models, the respective Markov chains 1476 

approach stationary distributions in ~5 minutes, i.e., the distribution of states no longer changes 1477 

with time after ~5 minutes. The stationary distribution for the two-chambers model shows that 1478 

states where the two bats engage in the same behavior are about equally likely as states where 1479 

they engage in different behaviors (Figure 3²figure supplement 2G), as expected given that the 1480 

two bats behave independently in separate chambers. For the one-chamber model, same-behavior 1481 

states (probability 0.58) are more likely than different-behavior states (Figure 3²figure 1482 

supplement 2G). The noiseless behavioral modulation ࢈ௗሺݐሻ depends on the behaviors of the two 1483 

bats, while the behavioral modulation noise ࢈௡ሺݐሻ does not. Through ࢈ௗሺݐሻ, same-behavior 1484 

states contribute to behavioral modulation of the mean component, and the only noiseless 1485 

behavioral modulation of the difference component comes from different-behavior states. In the 1486 

one-chamber model, with increased coordinated behavioral modulation compared to the two-1487 

chambers model, the mean noiseless behavioral modulation across bats has larger magnitudes 1488 

and slower timescales than its difference between bats (blue lines in Figure 3²figure 1489 

supplement 2H-I). On the other hand, because the behavioral modulation noise is independent 1490 

across bats, it does not distinguish between the mean and difference components. Thus, adding 1491 

the noise to the noiseless behavioral modulation decreases the differential modulation of the 1492 
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mean and difference components (red lines in Figure 3²figure supplement 2H-I). However, 1493 

even if the noise strongly reduces differential behavioral modulation of the mean and difference 1494 

components, the experimentally observed levels of relative magnitudes and timescales can still 1495 

result from functional across-brain coupling (purple lines in Figure 3²figure supplement 2H-I). 1496 

Thus, our model suggests two mechanisms behind our observations on the mean and 1497 

difference components: opposite feedback by functional across-brain coupling, and coordinated 1498 

behavioral modulation. Due to these mechanisms, in a shared social environment, the activity of 1499 

the two bats become dominated by their common activity pattern, and when the activity of the 1500 

two bats diverge, they rapidly converge again. As a result, the activity of the two socially 1501 

interacting bats are highly correlated with each other. We found that inter-brain correlation 1502 

remained even when the bats were engaged in different behaviors (Figure 4A-B; see also Zhang 1503 

and Yartsev, 2019), which suggests that coordinated behavioral modulation alone is not 1504 

sufficient to explain the data, and that opposite feedback by functional across-brain coupling is 1505 

needed. To explicitly test this, we performed an additional set of simulations of the one-chamber 1506 

model. Here, after we generated each instantiation of ࢈ሺݐሻ, we used it to simulate neural activity 1507 

twice: once with functional across-brain coupling and once without. Note that the same ࢈ሺݐሻ is 1508 

used for both simulations, including the same ࢈ௗሺݐሻ generated from the one-chamber Markov 1509 

chain and the same instantiation of randomly generated ࢈௡ሺݐሻ. Figure 4C, D, G shows that the 1510 

model with functional across-brain coupling reproduced the experimental observation: inter-1511 

brain correlation remained after removing periods of coordinated behaviors. On the other hand, 1512 

without functional across-brain coupling, inter-brain correlation disappeared after removing 1513 

coordinated behaviors (Figure 4E-G). Thus, we conclude that, in the framework of our model, 1514 

opposite feedback by functional across-brain coupling is necessary to reproduce the data. 1515 
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 1516 

3.8 Modeling: mean and difference components in a reduced model 1517 

To gain a more precise understanding how the relative variances and timescales of the 1518 

mean and difference components depend on model parameters, we studied a reduced version of 1519 

the model. In the reduced model, instead of generating ࢈ሺݐሻ based on simulated behavior, ࢈ெሺݐሻ 1520 

and ࢈஽ሺݐሻ are simply noise with identical, flat power spectra. Such noise amounts to inputs with 1521 

the same variance and same timescales to both the mean and difference components. Thus, the 1522 

relative variances and timescales of the two components are solely determined by the coupling 1523 

parameters ࡯ௌ and ࡯ூ. In the following, we derive expressions for the variance ratio and the 1524 

power spectral centroid ratio of the mean and difference components, as functions of the 1525 

coupling parameters. 1526 

Rewriting equation (3) and assuming ߬ ൌ ͳ for simplicity (as ߬ is a redundant parameter 1527 

and can be absorbed into the other parameters), the reduced model can be written as 1528 

ெࢇ݀
ݐ݀

ൌ െሺ࡯ௌ െ ெࢇூሻ࡯ ൅  ெ࢈

஽ࢇ݀
ݐ݀

ൌ െሺ࡯ௌ ൅ ஽ࢇூሻ࡯ ൅  ஽࢈

The solutions to these equations are: 1529 

ሻݐெሺࢇ ൌ ெሺͲሻࢇ ெ݂ሺݐሻ ൅ න Ԣሻݐெሺ࢈Ԣݐ݀ ெ݂ሺݐ െ Ԣሻݐ
௧

଴
͓ሺ͸ሻ  

ሻݐ஽ሺࢇ ൌ ஽ሺͲሻࢇ ஽݂ሺݐሻ ൅ න Ԣሻݐ஽ሺ࢈Ԣݐ݀ ஽݂ሺݐ െ Ԣሻݐ
௧

଴
͓ሺ͹ሻ  

In the above, ெ݂ሺݐሻ and ஽݂ሺݐሻ are the neural decay functions for the mean and difference 1530 

components: 1531 

ெ݂ሺݐሻ ൌ ݁ିሺ࡯ೄି࡯಺ሻ௧ ൌ ݁ఒಾ௧͓ሺͺሻ  
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஽݂ሺݐሻ ൌ ݁ିሺ࡯ೄା࡯಺ሻ௧ ൌ ݁ఒವ௧͓ሺͻሻ  

where ߣெ ൌ െ࡯ௌ ൅ ஽ߣ ூ and࡯ ൌ െ࡯ௌ െ  1532 .࡯ ூ are the eigenvalues of࡯

The convolution theorem can be used to approximate the solutions (6) and (7) in the 1533 

frequency domain: 1534 

෥ெǡ௞ࢇ ൎ ξܶ࢈෩ெǡ௞ ሚ݂ெǡ௞͓ሺͳͲሻ  

෥஽ǡ௞ࢇ ൎ ξܶ࢈෩஽ǡ௞ ሚ݂஽ǡ௞͓ሺͳͳሻ  

Here,�ܶ LV�WKH�GXUDWLRQ�RI�D�VLPXODWHG�VHVVLRQ��DQG�³���෥´�GHQRWHV�D�)RXULHU�FRHIILFLHQW��H�J��� ሚ݂ெǡ௞ is 1535 

the Fourier coefficient of ெ݂ሺݐሻ at frequency ݇:� ሚ݂ெǡ௞ ൌ
ଵ
ξ்
׬ ்ݐ݀
଴ ெ݂ሺݐሻ݁

ି௜మഏೖ೟೅ . The approximation 1536 

of (10) and (11) assumes periodic convolutions and ࢇሺͲሻ ൌ Ͳ in (6) and (7), but it is still 1537 

accurate when ࢇሺͲሻ is smaller or comparable to the scale of ࢈ሺݐሻ and ܶ is large compared to the 1538 

effective time constants ଵ
಺࡯ೄି࡯

 and ଵ
಺࡯ೄା࡯

. 1539 

 :H�ILUVW�FRQVLGHU�WKH�YDULDQFH�UDWLR��8VLQJ�3DUVHYDO¶V�WKHRUHP�DQG�������WKH�YDULDQFH�RI�1540 

the mean component can be approximated in the frequency domain as 1541 

ெݎܸܽ ൌ
ͳ
ܶ
න ݐ݀ ቈࢇெሺݐሻ െ

ͳ
ܶ
න ᇱሻݐெሺࢇᇱݐ݀
்

଴
቉
ଶ்

଴
 

ൌ
ʹ
ܶ
෍หࢇ෥ெǡ௞ห

ଶ
ஶ

௞ୀଵ

 

ൎ ʹ෍ห࢈෩ெǡ௞ห
ଶ
ห ሚ݂ெǡ௞ห

ଶ
ஶ

௞ୀଵ

 

In the reduced model, ࢈ெ has a flat power spectrum: ห࢈෩ெǡ௞ห
ଶ
ൌ ݇ for all ݌ ൒ ͳ. Then, ܸܽݎெ ൎ1542 

σ݌ʹ ห ሚ݂ெǡ௞ห
ଶஶ

௞ୀଵ . Transforming back to the time domain, plugging (8) in, and evaluating the 1543 

integrals, we have 1544 
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ெݎܸܽ ൎ න݌ �ݐ݀ ெ݂ሺݐሻଶ
்

଴
െ
݌
ܶ ൭

න ݐ݀
்

଴
ெ݂ሺݐሻ൱

ଶ

 

ൌ ቆ݌
ͳ

ெߣʹ
െ

ͳ
ெଶߣܶ

ቇ ൫݁ଶఒಾ் െ ͳ൯ ൅
݌ʹ
ெଶߣܶ

݁ఒಾ்͓ሺͳʹሻ  

The same calculation applied to the variance of the difference component shows that it is 1545 

஽ݎܸܽ ൎ ݌ ቆ
ͳ
஽ߣʹ

െ
ͳ
஽ଶߣܶ

ቇ ൫݁ଶఒವ் െ ͳ൯ ൅
݌ʹ
஽ଶߣܶ

݁ఒವ்͓ሺͳ͵ሻ  

Assuming ߣெ ൏ Ͳ and ߣ஽ ൏ Ͳ (required for stability), for large ܶ, (12) and (13) can be 1546 

approximately as 1547 

ெݎܸܽ ൎ െ
݌

ெߣʹ
͓ሺͳͶሻ  

஽ݎܸܽ ൎ െ
݌
஽ߣʹ

͓ሺͳͷሻ  

Thus, the variance ratio (variance of the mean divided by variance of the difference) is 1548 

௏௔௥ݎ ൌ
ெݎܸܽ
஽ݎܸܽ

ൎ
ௌ࡯ ൅ ூ࡯
ௌ࡯ െ ூ࡯

 

 Next, we consider the power spectral centroid ratio. Using (10), the power spectral 1549 

centroid of the mean component can be approximated as 1550 

ெܥܵܲ ൌ
σ ݇หࢇ෥ெǡ௞ห

ଶஶ
௞ୀଵ

σ หࢇ෥ெǡ௝ห
ଶஶ

௝ୀଵ

 

ൎ
σ ݇ห࢈෩ெǡ௞ห

ଶ
ห ሚ݂ெǡ௞ห

ଶஶ
௞ୀଵ

σ ห࢈෩ெǡ௝ห
ଶ
ห ሚ݂ெǡ௝ห

ଶஶ
௝ୀଵ

 

ൌ
σ ݇ห ሚ݂ெǡ௞ห

ଶஶ
௞ୀଵ

σ ห ሚ݂ெǡ௝ห
ଶஶ

௝ୀଵ

 

ൌ
݌ʹ
ெݎܸܽ

෍݇ห ሚ݂ெǡ௞ห
ଶ

ஶ

௞ୀଵ

͓ሺͳ͸ሻ  
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The Fourier coefficients of ெ݂ሺݐሻ are ሚ݂ெǡ௞ ൌ
ଵ
ξ்
׬ ்ݐ݀
଴ ݁ఒಾ௧݁ି௜

మഏೖ೟
೅ ൌ ଵ

ξ்
ଵ

ఒಾି௜
మഏೖ
೅

൫݁ఒಾ் െ ͳ൯. 1551 

Plugging this into (16), we have: 1552 

ெܥܵܲ ൎ
݌ʹ
ெݎܸܽ

൫݁ఒಾ் െ ͳ൯ଶ
ܶ
Ͷߨଶ

෍
ͳ

ெߙ
݇ ൅ ݇

ஶ

௞ୀଵ

 

where ߙெ ൌ ்మఒಾ
మ

ସగమ
. The series σ ଵ

ഀಾ
ೖ ା௞

ஶ
௞ୀଵ  can be shown to be divergent by comparison to 1553 

ଵ
ఈಾାଵ

σ ଵ
௞

ஶ
௞ୀଵ , the harmonic series scaled by ଵ

ఈಾାଵ
: ଵ
ഀಾ
ೖ ା௞

൒ ଵ
ఈಾ௞ା௞

 for all ݇ ൒ ͳ. 1554 

The same calculation applied to the power spectral centroid of the difference component shows 1555 

that it is 1556 

஽ܥܵܲ ൎ
݌ʹ
஽ݎܸܽ

൫݁ఒವ் െ ͳ൯ଶ
ܶ
Ͷߨଶ

෍
ͳ

஽ߙ
݇ ൅ ݇

ஶ

௞ୀଵ

 

where ߙ஽ ൌ ்మఒವ
మ

ସగమ
. 1557 

 While the power spectral centroids involve divergent series, we can define the power 1558 

spectral centroid ratio (centroid of the mean divided by centroid of the difference) using a limit 1559 

of the ratio of partial sums: 1560 

௉ௌ஼ݎ ൎ
஽ݎܸܽ
ெݎܸܽ

൫݁ఒಾ் െ ͳ൯ଶ

ሺ݁ఒವ் െ ͳሻଶ
���
௡՜ஶ

σ ͳ
ெߙ
݇ ൅ ݇

௡
௞ୀଵ

σ ͳ
஽ߙ
݇ ൅ ݇

௡
௞ୀଵ

͓ሺͳ͹ሻ  

For simplicity, we rewrite the limit in (17) as ���௡՜ஶ
ఉ೙ಾ

ఉ೙ವ
 where ߚ௡ெ ൌ σ ଵ

ഀಾ
ೖ ା௞

௡
௞ୀଵ  and ߚ௡஽ ൌ1561 

σ ଵ
ഀವ
ೖ ା௞

௡
௞ୀଵ . Note that ߚ௡஽ is strictly increasing and ���

௡՜ஶ
௡஽ߚ ൌ λ, so we can evaluate the limit 1562 

using the Stolz±Cesàro theorem: 1563 
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���
௡՜ஶ

௡ெߚ

௡஽ߚ
ൌ ���

௡՜ஶ

௡ାଵெߚ െ ௡ெߚ

௡ାଵ஽ߚ െ ௡஽ߚ
ൌ ���

௡՜ஶ

஽ߙ
݊ ൅ ͳ ൅ ݊ ൅ ͳ
ெߙ
݊ ൅ ͳ ൅ ݊ ൅ ͳ

ൌ ͳ 

Thus, assuming ߣெ ൏ Ͳ and ߣ஽ ൏ Ͳ, for large ܶ, (17) can be approximated as 1564 

௉ௌ஼ݎ ൎ
ௌ࡯ െ ூ࡯
ௌ࡯ ൅ ூ࡯

 

The results ݎ௏௔௥ ൎ
಺࡯ೄା࡯
಺࡯ೄି࡯

 and ݎ௉ௌ஼ ൎ
಺࡯ೄି࡯
಺࡯ೄା࡯

 show the simple dependence of the variance 1565 

ratio and power spectral centroid ratio on the coupling parameters (visualized in Figure 3I-J). 1566 

The experimental results, where the mean component had higher variance and lower power 1567 

spectral centroid than the difference component, correspond to the parameter regime of Ͳ ൏ ூ࡯ ൏1568 

 ூ acts as 1569࡯ ,ௌ. In this regime, consistent with the analysis of the full model in section 3.7 above࡯

positive feedback to the mean component to amplify it and slow it down, and acts negative 1570 

feedback to the difference component to suppress it and speed it up. 1571 

 1572 

3.9 Modeling: Kuramoto model 1573 

We explored an alternative mechanism for inter-brain coupling using the Kuramoto 1574 

model (Strogatz, 2000; Acebrón et al., 2005). In this model, the activity of the two brains are 1575 

treated as two oscillators, whose phases are coupled: 1576 

ሻݐ௜ሺߠ݀
ݐ݀

ൌ ߱௜ ൅ ሻݐ௝ሺߠ෍����ሺܭ െ ሻሻݐ௜ሺߠ
ଶ

௝ୀଵ

ǡ ݅ ൌ ͳǡ ʹ͓ሺͳͺሻ  

Here ߠଵሺݐሻ and ߠଶሺݐሻ are the phases of the two oscillators at time ݐ, and the 1577 

corresponding activity of the two brains at time ݐ are ࢇଵሺݐሻ ൌ
ୱ୧୬൫ఏభሺ௧ሻ൯ାଵ

ଶ
 and ࢇଶሺݐሻ ൌ1578 

ୱ୧୬൫ఏమሺ௧ሻ൯ାଵ
ଶ

; ߱ଵ and ߱ଶ are the natural frequencies of the two oscillators; ܭ is the coupling 1579 
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strength between the oscillators: ܭ ൐ Ͳ for simulations of one-chamber sessions, andܭ� ൌ Ͳ for 1580 

simulations of two-chambers sessions. 1581 

For each simulation, ߱ଵ and ߱ଶ were drawn from lognormal distributions with means ഥ߱ଵ 1582 

and ഥ߱ଶ, respectively, and the same standard deviation ߪఠ.� ഥ߱ଵ, ഥ߱ଶ, and ߪఠ were set to make ߱ଵ 1583 

and ߱ଶ different from each other, to avoid the two brains trivially synchronizing by having the 1584 

same natural frequencies. To simulate the Kuramoto model, equation (18) was numerically 1585 

integrated (ode15s function in MATLAB) with initial condition ߠଵሺͲሻ ൌ ଶሺͲሻߠ ൌ Ͳ. The phases 1586 

 ሻ, which were plotted in Figure 1587ݐଶሺࢇ ሻ andݐଵሺࢇ ሻ were then converted to activityݐଶሺߠ ሻ andݐଵሺߠ

4²figure supplement 1A-D and analyzed in Figure 4²figure supplement 1E-F. This shows that 1588 

the phase-coupling mechanism of the Kuramoto model is able to reproduce inter-brain 1589 

correlation and the relative magnitudes of the mean and difference components from the data; 1590 

however, it does not reproduce the relative timescales of the mean and difference components 1591 

from the data. 1592 

 1593 

3.10 Modeling: correlation between activity variables under rotated activity bases 1594 

The neural dynamics in the model are governed by (2). To express (2) under a different 1595 

basis, ࢇሺݐሻ, ࡯, and ࢈ሺݐሻ are transformed to ࢇԢሺݐሻ ൌ Ԣ࡯ ,ሻݐሺࢇଵିࢁ ൌ ሻݐԢሺ࢈ and ,ࢁ࡯ଵିࢁ ൌ1596 

ࢁ are the new basis vectors. If ࢁ ሻ, respectively, where the columns of the matrixݐሺ࢈ଵିࢁ ൌ1597 

ቀ��� ߠ െ ��� ߠ
��� ߠ ��� ߠ ቁ, then the new basis corresponds to a counter-clockwise rotation of the original 1598 

basis (where each axis is the activity of one bat) by an angle of ߠ. By rotating the basis, the 1599 

functional coupling between the activity variables (i.e., between the two elements of ࢇԢሺݐሻ) 1600 

changes as a function of the rotation angle (Figure DA, D). This functional coupling in turn 1601 
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determines the correlations between those activity variables, which forms a set of predictions of 1602 

the model (Figure 5B, E). These predictions are confirmed in the data in Figure 5C, F. 1603 

Additionally, we examined the influence of behavioral modulation on correlation 1604 

between the activity variables under rotated bases, by regressing out behavior from the activity 1605 

variables. To do this, for each behavior (e.g., resting, self-grooming, probing, etc.), each bat, and 1606 

each simulation or experimental session, we used a binary vector to represent the time course of 1607 

the bat engaging in that behavior: the elements of the vector correspond to time points, and the 1608 

YDOXHV�RI�WKH�HOHPHQWV�DUH�³�´�DW�WLPH�SRLQWV�ZKHQ�WKH�EDW�ZDV�HQJDJLQJ�LQ�WKDW�EHKDYLRU��DQG�³�´�1609 

when it was not. Then, we performed linear regression to predict each activity variable over time 1610 

under each basis using the set of all behavioral binary vectors of both bats as predictors. The 1611 

linear regression fit was then subtracted from the activity, and correlation was calculated 1612 

between these residuals. The results are shown in Figure 5B, C, E, F (brown lines): for both 1613 

model and data, regressing out behaviors changes the magnitudes, but not the shapes of the 1614 

correlation curves. 1615 

 1616 

3.11 Modeling: relationship between variance ratio and power spectral centroid ratio 1617 

Here we analyze the relationship between the mean/difference ratio of the variance (ݎ௏௔௥ሻ 1618 

and the mean/difference ratio of the power spectral centroid (ݎ௉ௌ஼ሻ in the model (seen in Figure 1619 

5G). ݎ௏௔௥ and ݎ௉ௌ஼ are functions of the behavioral modulation ࢈ሺݐሻ, which differs from 1620 

simulation to simulation. Figure 5G shows that ݎ௏௔௥ and ݎ௉ௌ஼ corresponding to different 1621 

instances of ࢈ሺݐሻ tend to covary linearly. To examine whether this linear relationship is due to a 1622 

systematic relationship between different instances of ࢈ሺݐሻ, or due to the neural dynamics, we 1623 

examine the effect of random perturbations to behavioral modulation on the relationship between 1624 
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 ௉ௌ஼ in the frequency domain, and then 1625ݎ ௏௔௥ andݎ ௉ௌ஼. To do so, we first expressݎ ௏௔௥ andݎ

examine whether and how they covary given random perturbations. 1626 

We first follow the procedure of section 3.8 to approximate the variance and the power 1627 

spectral centroid. In section 3.8, we analyzed the reduced model with ߬ ൌ ͳ and ห࢈෩ெǡ௞ห
ଶ
ൌ  for 1628 ݌

݇ ൒ ͳ; here we consider arbitrary ߬ and ห࢈෩ெǡ௞ห
ଶ
. In this case the neural decay functions are 1629 

ெ݂ሺݐሻ ൌ ݁ି
಺࡯ೄష࡯

ഓ ௧ and ஽݂ሺݐሻ ൌ ݁ି
಺࡯ೄశ࡯

ഓ ௧, and the variance and power spectral centroid of the mean 1630 

component are 1631 

ெݎܸܽ ൎ
ʹ
߬ଶ
෍࡮ெǡ௞ܨெǡ௞

ஶ

௞ୀଵ

 

ெܥܵܲ ൎ
σ ெǡ௞ܨெǡ௞࡮݇
ஶ
௞ୀଵ
σ ெǡ௝ܨெǡ௝࡮
ஶ
௝ୀଵ

 

where ࡮ெǡ௞ ൌ ห࢈෩ெǡ௞ห
ଶ
 and ܨெǡ௞ ൌ ห ሚ݂ெǡ௞ห

ଶ
. The expressions for the difference component are 1632 

similar. 1633 

 Then, the mean/difference ratio of the variance is 1634 

௏௔௥ݎ ൎ
σ ெǡ௞ܨெǡ௞࡮
ஶ
௞ୀଵ
σ ஽ǡ௝ஶܨ஽ǡ௝࡮
௝ୀଵ

͓ሺͳͻሻ  

The mean/difference ratio of the power spectral centroid is 1635 

௉ௌ஼ݎ ൎ
σ ெǡ௞ܨெǡ௞࡮݇
ஶ
௞ୀଵ
σ ெǡ௝ܨெǡ௝࡮
ஶ
௝ୀଵ

σ ஽ǡ௛ஶܨ஽ǡ௛࡮
௛ୀଵ

σ ஽ǡ௚ஶܨ஽ǡ௚࡮݃
௚ୀଵ

͓ሺʹͲሻ  

 To examine how ݎ௏௔௥ and ݎ௉ௌ஼ change with changes in behavioral modulation, we 1636 

calculate the following partial derivatives. The partial derivative of ݎ௏௔௥ with respect to the 1637 

power of the mean component of behavioral modulation at frequency ݇ is 1638 

௏௔௥ݎ߲
ெǡ௞࡮߲

ൌ
ͳ

σ ஽ǡ௝ஶܨ஽ǡ௝࡮
௝ୀଵ

ெǡ௞͓ሺʹͳሻܨ  
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The partial derivative of ݎ௏௔௥ with respect to the power of the difference component of 1639 

behavioral modulation at frequency ݇ is 1640 

௏௔௥ݎ߲
஽ǡ௞࡮߲

ൌ െ
σ ெǡ௛ܨெǡ௛࡮
ஶ
௛ୀଵ

൫σ ஽ǡ௝ஶܨ஽ǡ௝࡮
௝ୀଵ ൯ଶ

஽ǡ௞͓ሺʹʹሻܨ  

The partial derivative of ݎ௉ௌ஼ with respect to the power of the mean component of behavioral 1641 

modulation at frequency ݇ is 1642 

௉ௌ஼ݎ߲
ெǡ௞࡮߲

ൌ
σ ஽ǡ௝ஶܨ஽ǡ௝࡮
௝ୀଵ

൫σ ெǡ௛ܨெǡ௛࡮
ஶ
௛ୀଵ ൯൫σ ஽ǡ௤ஶܨ஽ǡ௤࡮ݍ

௤ୀଵ ൯
ெǡ௞ܨ ቆ݇ െ

σ ெǡ௣ܨெǡ௣࡮݌
ஶ
௣ୀଵ

σ ெǡ௚ܨெǡ௚࡮
ஶ
௚ୀଵ

ቇ͓ሺʹ͵ሻ  

The partial derivative of ݎ௉ௌ஼ with respect to the power of the difference component of 1643 

behavioral modulation at frequency ݇ is 1644 

௉ௌ஼ݎ߲
஽ǡ௞࡮߲

ൌ
σ ெǡ௣ܨெǡ௣࡮݌
ஶ
௣ୀଵ

൫σ ெǡ௚ܨெǡ௚࡮
ஶ
௚ୀଵ ൯൫σ ஽ǡ௟ஶܨ஽ǡ௟࡮݈

௟ୀଵ ൯
஽ǡ௞ܨ ቆͳ െ ݇

σ ஽ǡ௝ஶܨ஽ǡ௝࡮
௝ୀଵ

σ ஽ǡ௤ஶܨ஽ǡ௤࡮ݍ
௤ୀଵ

ቇ͓ሺʹͶሻ  

We now consider perturbations to the power spectra of behavioral modulation. We 1645 

concatenate the power spectra of the behavioral modulation of the mean and difference 1646 

components to form 1647 

࡮ ൌ

ۉ

ۈۈ
ۈ
ۇ

ெǡଵ࡮
ڭ

ெǡ௞೟࡮
஽ǡଵ࡮
ڭ

ی஽ǡ௞೟࡮

ۋۋ
ۋ
ۊ

 

We perturb a given ࡮ by adding ࡮ߜ, drawn from a uniform distribution on the hypersphere 1648 

centered at 0. To see whether and how ݎ௏௔௥ and ݎ௉ௌ஼ covary given random perturbations to 1649 

behavioral modulation, we next determine the covariance matrix between the changes in ݎ௏௔௥ 1650 

and ݎ௉ௌ஼ resulting from perturbations1651 .࡮ߜ� 

Considering ݎ௏௔௥ and ݎ௉ௌ஼ as functions of ࡮, their gradients are 1652 
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ۈ
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ۈ
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ۊ

 

where the partial derivatives are given in (21)-(24). Given a small perturbation ࡮ߜ, the resulting 1653 

changes to ݎ௏௔௥ and ݎ௉ௌ஼ are approximately ݎ׏்࡮ߜ௏௔௥ and ݎ׏்࡮ߜ௉ௌ஼, respectively. To calculate 1654 

the covariance matrix between ݎ׏்࡮ߜ௏௔௥ and ݎ׏்࡮ߜ௉ௌ஼, we first perform an orthogonal 1655 

transformation to any orthonormal basis whose first basis vector is ݎ׏௏௔௥Ȁԡݎ׏௏௔௥ԡ, where ԡήԡ 1656 

denotes vector norm. We use ࡮ߜ෡  ௉ௌ஼ under the 1657ݎ׏ ௏௔௥, andݎ׏ ,࡮ߜ Ƹ௉ௌ஼ to denoteݎ׏ Ƹ௏௔௥, andݎ׏ ,

new basis, respectively. The variance of ݎ׏்࡮ߜ௏௔௥ is 1658 

௏௔௥ሻݎ׏்࡮ߜሺݎܸܽ ൌ  Ƹ௏௔௥൯ݎ׏෡்࡮ߜ൫ݎܸܽ

ൌ Ƹ௏௔௥൯ݎ׏෡்࡮ߜሺ൫ܧ
ଶሻ 

ൌ ԡݎ׏௏௔௥ԡଶܧሺ࡮ߜ෡ଵଶሻ 

ൌ
ԡ࡮ߜԡଶ

ʹ݇௧
ԡݎ׏௏௔௥ԡଶ 

Similarly, the variance of ݎ׏்࡮ߜ௉ௌ஼ is ԡఋ࡮ԡ
మ

ଶ௞೟
ԡݎ׏௉ௌ஼ԡଶ. The covariance between ݎ׏்࡮ߜ௏௔௥ and 1659 

 ௉ௌ஼ is 1660ݎ׏்࡮ߜ

௏௔௥ǡݎ׏்࡮ߜሺݒ݋ܥ ௉ௌ஼ሻݎ׏்࡮ߜ ൌ Ƹ௏௔௥ǡݎ׏෡்࡮ߜ൫ݒ݋ܥ  Ƹ௉ௌ஼൯ݎ׏෡்࡮ߜ

ൌ  Ƹ௉ௌ஼ሻݎ׏෡்࡮ߜƸ௏௔௥ݎ׏෡்࡮ߜሺܧ

ൌ Ƹ௉ௌ஼௝ݎ׏෡௝࡮ߜ௏௔௥ԡ෍ݎ׏෡ଵԡ࡮ߜሺܧ

ଶ௞೟

௝ୀଵ
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ൌ ௏௔௥ԡݎ׏෡ଵଶԡ࡮ߜሺܧ
�௏௔௥்׏

ԡݎ׏௏௔௥ԡ
௉ௌ஼ݎ׏ ൅෍࡮ߜ෡ଵ࡮ߜ෡௝ԡݎ׏௏௔௥ԡݎ׏Ƹ௉ௌ஼௝

ଶ௞೟

௝ୀଶ

ሻ 

ൌ �௏௔௥்׏  ෡ଵଶሻ࡮ߜሺܧ௉ௌ஼ݎ׏

ൌ
ԡ࡮ߜԡଶ

ʹ݇௧
�௏௔௥்׏  ௉ௌ஼ݎ׏

Thus, the covariance matrix between ݎ׏்࡮ߜ௏௔௥ and ݎ׏்࡮ߜ௉ௌ஼ is 1661 

ԡ࡮ߜԡଶ

ʹ݇௧
ቆ
ԡݎ׏௏௔௥ԡଶ �௏௔௥்׏ ௉ௌ஼ݎ׏
�௏௔௥்׏ ௉ௌ஼ݎ׏ ԡݎ׏௉ௌ஼ԡଶ

ቇ͓ሺʹͷሻ  

The eigenvector of this matrix corresponding to the larger eigenvalue is the direction of the local 1662 

linear trend, whereas the relative sizes of the eigenvalues indicate the strength of the linear trend 1663 

(the larger the difference between the eigenvalues, the stronger the linear trend). 1664 

 We examined the eigenvectors and eigenvalues of (25) across different simulations 1665 

(Figure 5²figure supplement 1; in computing (25), integrals were evaluated numerically, and 1666 

infinite sums were truncated at ݇௧ such that ௞೟
்
ൌ ͲǤʹ Hz, which is the Nyquist frequency for the 1667 

sampled simulated activity used for our analyses). We found that ݎ௏௔௥ and ݎ௉ௌ஼ resulting from 1668 

random perturbations to ࡮ consistently show linear relationships. Furthermore, the slopes of 1669 

these local linear relationships, which are not influenced by systematic variations of behavioral 1670 

modulation࢈�ሺݐሻ across simulations, are consistent with the slopes of the global linear 1671 

relationships seen in Figure 5G. 1672 

 1673 

3.12 Modeling: using the neural activity of one bat to discriminate the behavior of the other bat 1674 

 In the model, the neural activity of each bat is directly modulated by its own behavior 1675 

(e.g., ࢇଵሺݐሻ is modulated by ࢈ଵሺݐሻ). Additionally, in the one-chamber model, the activity of each 1676 

bat is indirectly modulated by the behavior of the other bat, through functional across-brain 1677 
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coupling (e.g., ࢇଵሺݐሻ is modulated by ࢈ଶሺݐሻ through the coupling ࡯ூ). This naturally suggests 1678 

that the neural activity of each bat should encode the behavior of the other bat independently 1679 

from encoding its own behavior. 1680 

We used the following method to quantify this. Before examining whether the activity of 1681 

one bat can discriminate the behavior of the other bat, we first regressed out the behavior of each 1682 

bat from its own neural activity, using the method of section 3.10 above. Importantly, this 1683 

HOLPLQDWHV�SRWHQWLDO�VSXULRXV�FRUUHODWLRQ�EHWZHHQ�RQH�EDW¶V�DFWLYLW\�DQG�DQRWKHU�EDW¶V�EHKDYLRU�1684 

caused by any coordinated behaviors between the bats. We then asked whether the neural 1685 

activity of a given bat discriminates between a given pair of behaviors by the other bat (e.g., 1686 

XVLQJ�EDW��¶V�QHXUDO�DFWLYLW\�WR�GLVFULPLQDWH�ZKHWKHU�EDW���LV�UHVWLQJ�RU�HQJDJLQJ�LQ�VRFLDO�1687 

grooming), by plotting the receiver operating characteristic (ROC) curve and calculating the area 1688 

under the curve (Figure 6B, E; Dayan and Abbott, 2005). For each discrimination, positive and 1689 

negative class assignments for the two behaviors were made so that the area under the ROC 1690 

curve is greater than or equal to 0.5. We then averaged the area under the ROC curve across bats, 1691 

pairs of behaviors, and simulations or sessions (Figure 6C, F). This showed that the activity of 1692 

each bat was modulated by the behaviors of the other bat independently of its own behavior, in 1693 

both the model and the data. 1694 

We note that for both the model and the data, the area under the ROC curve was above 1695 

0.5 for the two-chambers sessions²this is a necessary consequence of noise and finite sample 1696 

size. To illustrate this, we can consider a hypothetical example where neural activity does not 1697 

encode behaviors A and B, i.e., the distributions of neural activity during these two behaviors are 1698 

identical. If we have infinite amount of data, or if the neural activity is noiseless during these two 1699 

behaviors, then the empirically observed distributions of activity during these two behaviors 1700 
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would be exactly identical, so that the area under the ROC curve would be exactly 0.5. However, 1701 

in reality we have finite amounts of noisy data, so that the two empirically observed distributions 1702 

would not be identical. These different empirical distributions would then necessarily result in an 1703 

area under the ROC curve greater than 0.5, since positive and negative classes were assigned to 1704 

the two behaviors such that the area under the ROC curve is greater than or equal to 0.5. 1705 

 1706 

3.13 Modeling: inter-brain relationship during group social interactions 1707 

 To generalize our two-bat model to more than two bats, we used the same equation (2), 1708 

with ࢇሺݐሻ and ࢈ሺݐሻ now being ݊-dimensional vectors, and ࡯ being an ݊ ൈ ݊ matrix, where ݊ is 1709 

the number of interacting bats. ࡯ retains the same structure from the two-bat model: all diagonal 1710 

elements (functional self-coupling) are െ࡯ௌ, and all off-diagonal elements (functional across-1711 

brain coupling) are ࡯ூ. 1712 

 To understand the ݊-bat model, we examine the eigenvectors and eigenvalues of ࡯. Note 1713 

that the�݊-dimensional vector whose elements are all 1s is an eigenvector, with eigenvalue 1714 

ሺ݊ െ ͳሻ࡯ூെ࡯ௌ. This eigenvector corresponds to the direction of the mean activity across all bats, 1715 

and is thus the ݊-bat analogue of the mean component from the two-bat model. Any vector 1716 

orthogonal to the ݊-bat mean component is also an eigenvector, with eigenvalue െ࡯ூെ࡯ௌ. These 1717 

eigenvectors define an ሺ݊ െ ͳሻ-dimensional subspace, which contains all inter-brain activity 1718 

patterns that correspond to activity differences across brains; we call this subspace the difference 1719 

subspace, which is the multidimensional analogue of the difference component from the two-bat 1720 

model. To ensure stability (so that neural activity do not go to infinity), we take our parameter 1721 

regime to be Ͳ ൏ ሺ݊ െ ͳሻ࡯ூ ൏ ௌ࡯ூെ࡯ௌ. Thus, െ࡯ ൏ ሺ݊ െ ͳሻ࡯ூെ࡯ௌ ൏ Ͳ. This means that, 1722 

similar to the two-bat model, the ݊-bat mean component is amplified and slowed down by the 1723 
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positive feedback provided by functional across-brain coupling, whereas activity patterns in the 1724 

difference subspace are suppressed and sped up by negative feedback. This results in the 1725 

predictions that, for ݊ socially interacting bats, activity in the ݊-bat mean component will have 1726 

larger magnitude and slower timescales than activity in the difference subspace on average 1727 

(Figure 7C-D). 1728 

 Another prediction concerns the correlation between activity variables during group 1729 

interactions. Because the activity of pairs of bats are positively functionally coupled in the ݊-bat 1730 

model, the model would predict positive inter-brain correlations (Figure 7E). On the other hand, 1731 

because the ݊-bat mean component and vectors in the difference subspace are all eigenvectors, 1732 

they are functionally uncoupled. Thus, the model would predict zero average correlation between 1733 

the ݊-bat mean component and activity variables in the difference subspace (Figure 7E). 1734 

For the simulations in Figure 7C-E, we used an ݊-bat model with ݊ ൌ Ͷ and performed 1735 

the simulations using the same procedures as for the two-bat model. Because we do not have 1736 

behavioral statistics for four-bat group interactions, we opted to use noise for ࢈ሺݐሻ, so that model 1737 

predictions based on functional across-brain coupling would not be biased by structures in ࢈ሺݐሻ 1738 

(e.g., the ݊-bat mean component could have larger magnitudes than the difference subspace if 1739 

 ሻ for the ݊-bat model, we used the following 1740ݐሺ࢈ ሻ has such a structure). To generateݐሺ࢈

procedure. For a given simulated session and a given bat ݅, we generated ࢈௜ሺݐሻ independently of 1741 

the other bats. We generated a random vector ࢈௣௥௘, whose dimensionality was the number of 1742 

time points spaced 2.5 s apart in the simulated session (matching the time step size of the 1743 

Markov chain from the two-bat model). The elements of ࢈௣௥௘ were drawn independently from a 1744 

Gaussian distribution with mean ܾ௠௘௔௡ and standard deviation ܾ௦௧ௗ. We smoothed ࢈௣௥௘ with a 1745 

1200-point moving average filter, then added independent Gaussian noise to its elements (0 1746 
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mean, standard deviation ߪ௡) as in the two-bat model. The resulting vector contained the values 1747 

of ࢈௜ሺݐሻ at 2.5 s intervals; ࢈௜ሺݐሻ at time points in-between were linearly interpolated. The same 1748 

procedure was repeated for each bat. Note that, because ࢈ሺݐሻ was randomly generated noise, the 1749 

simulations only offered qualitative predictions. Indeed, the data confirmed the qualitative trends 1750 

seen in the simulations, but differed from them quantitatively (Figure 7C-H). 1751 

 1752 

3.14 Modeling: parameters 1753 

 In our data, all four neural signals (30-150 Hz LFP power, 1-29 Hz LFP power,  1754 

multiunits, and single units) show the same qualitative phenomena: faster and smaller difference 1755 

component compared to the mean component, on one-chamber sessions but not two-chambers 1756 

sessions (Figure 1). The four signals differed quantitatively in the extent they showed the same 1757 

qualitative phenomena. The goal of our model is not to quantitatively fit any one of the four 1758 

neural signals in particular, but to provide mechanistic explanations for the general qualitative 1759 

phenomena that do not require fine-tuning of parameters. As explained above, the opposite 1760 

feedback mechanism depends simply on Ͳ ൏ ூ࡯ ൏  ௌ, whereas the coordinated behavioral 1761࡯

modulation mechanism is a manifestation of the empirical behavioral transition frequencies. 1762 

The focus of the model is to reproduce and explain the qualitative trend of the difference 1763 

component being faster and smaller than the mean component. Other aspects of the data could be 1764 

reproduced by extending the model with additional parameters, but we chose not to do so in the 1765 

interest of keeping the model simple and focused. For example, the 30-150 Hz LFP power data 1766 

showed more variability across sessions compared to the model simulations (Figure 3E-F). The 1767 

higher variability could be reproduced if we introduced variability across simulations in the 1768 

behavioral transition probabilities or the strength of functional across-brain coupling. 1769 
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The model parameters for the two-bat models are: ࡯ௌ ൌ ͳ, ࡯ூ ൌ ͲǤͶ for simulations with 1770 

functional across-brain coupling, ࡯ூ ൌ Ͳ for simulations without functional across-brain 1771 

coupling, ߬ ൌ ͳͷ��, ߪ௡ ൌ ͲǤͳͷ, ܶ ൌ ͳͲͲ minutes, ܾ௥௘௦௧௜௡௚ ൌ ͲǤͳͷͺ, ܾ௔௖௧௜௩௘�௡௢௡ି௦௢௖௜௔௟ ൌ ͲǤʹ͸ͻ, 1772 

ܾ௦௘௟௙ି௚௥௢௢௠௜௡௚ ൌ ͲǤʹ͸Ͷ, ܾ௦௢௖௜௔௟�௚௥௢௢௠௜௡௚ ൌ ͲǤʹʹ͵, ܾ௣௥௢௕௜௡௚ ൌ ͲǤʹͺͶ, ௙ܾ௜௚௛௧௜௡௚ ൌ ͲǤ͵ͷͷ, 1773 

ܾ௠௔௧௜௡௚ ൌ ͲǤ͵͸͹, ܾ௪௜௡௚�௖௢௩௘௥௜௡௚ ൌ ͲǤ͵͸Ͷ, ܾ௥௘௔௖௛௜௡௚ ൌ ͲǤ͵ʹͳ, ܾ௕௟௢௖௞௜௡௚ ൌ ͲǤ͵͵ͻ, 1774 

ܾ௢௧௛௘௥�௜௡௧௘௥௦௧௜௢௡௦ ൌ ͲǤʹͻͳ, ܾ௖௢௡௦௧௔௡௧ ൌ െͲǤͲͺ for one-chamber simulations and ܾ௖௢௡௦௧௔௡௧ ൌ Ͳ 1775 

for two-chambers simulations. The behavioral modulation parameter for each behavior listed 1776 

above (ܾ௥௘௦௧௜௡௚, etc.) was set as the average 30-150 Hz mean normalized LFP power during that 1777 

behavior from the data: take a given bat, for each session, average its 30-150 Hz mean 1778 

normalized LFP power across all channels, pool together these averaged power values from all 1779 

time points when the bat engaged in the given behavior from all sessions (including both one-1780 

chamber and two-chambers), then pool across all bats, and then average across all such pooled 1781 

data. ܾ௖௢௡௦௧௔௡௧ was set so that the average simulated activity across time was similar to the 1782 

average 30-150 Hz mean normalized LFP power across time in the data. ࡯ௌ, ࡯ூ, ߬, and ߪ௡ were 1783 

chosen so that the levels of simulated neural activity roughly match the levels of 30-150 Hz 1784 

mean normalized LFP power observed during the experiments. 1785 

The model parameters for the four-bat model are:࡯�ௌ ൌ ͳ, ࡯ூ ൌ ͲǤͳ, ܾ௠௘௔௡ ൌ ͲǤʹ, and 1786 

ܾ௦௧ௗ ൌ ͵Ǥͷ. All other parameters are the same as in the two-bat model. 1787 

The model parameters for the Kuramoto model are:ܭ� ൌ ͲǤͲͲ͵ͷ for simulations of one-1788 

chamber sessions, ܭ ൌ Ͳ for simulations of two-chambers sessions, ഥ߱ଵ ൌ ͲǤͲͲͷ, ഥ߱ଶ ൌ ͲǤͲͳ, 1789 

and ߪఠ ൌ ͲǤͲͲͲͷ. 1790 

 1791 

4 SAMPLE SIZES 1792 
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In this section we list the sample sizes for all results that were presented as averages. 1793 

Figure 1M, N, Q, R: n = 52 sessions for one-chamber sessions, and 18 sessions for two-1794 

chambers sessions 1795 

Figure 1O, S: n = 675 multiunit pairs for one-chamber sessions, and 284 multiunit pairs 1796 

for two-chambers sessions 1797 

Figure 1P, T: n = 256 single unit pairs for one-chamber sessions, and 65 single unit pairs 1798 

for two-chambers sessions 1799 

Figure 3E-F: for data, n = 52 sessions for one-chamber sessions, and 18 sessions for two-1800 

chambers sessions; for model, n = 100 simulations for one-chamber model, and 100 simulations 1801 

for two-chambers model 1802 

Figure 4G: for data, n = 50 sessions; for model, n = 100 simulations with functional 1803 

across-brain coupling, and 100 simulations without functional across-brain coupling 1804 

Figure 5B: n = 100 simulations 1805 

Figure 5C: n = 52 sessions 1806 

Figure 5E: n = 100 simulations 1807 

Figure 5F: n = 18 sessions 1808 

Figure 6C: n = 8235 simulations ൈ bats ൈ behavior pairs for one-chamber simulations, n 1809 

= 1848 simulations ൈ bats ൈ behavior pairs for two-chambers simulations 1810 

Figure 6F: n = 2086 sessions ൈ bats ൈ behavior pairs for one-chamber sessions, n = 200 1811 

sessions ൈ bats ൈ behavior pairs for two-chambers sessions 1812 

Figure 7C-E: n = 100 simulations 1813 

Figure 7F-H: n = 20 sessions 1814 

Figure 3²figure supplement 2A-B: n = 100 cross-validation test sets 1815 
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Figure 3²figure supplement 2H-I: for data, n = 52 sessions for one-chamber sessions, 1816 

and 18 sessions for two-chambers sessions; for model, n = 100 simulations for one-chamber 1817 

model, and 100 simulations for two-chambers model 1818 

Figure 4²figure supplement 1E-F: for data, n = 52 sessions for one-chamber sessions, 1819 

and 18 sessions for two-chambers sessions; for the Kuramoto model, n = 100 simulations for 1820 

one-chamber model, and 100 simulations for two-chambers model 1821 

Figure 5²figure supplement 1C-E: n = 100 simulations for one-chamber model, and 100 1822 

simulations for two-chambers model 1823 
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