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Abstract 1 
In multi-source, “cocktail party” sound environments, human and animal auditory systems 2 can use spatial cues to effectively separate and follow one source of sound over competing 3 sources. While mechanisms to extract spatial cues such as interaural time differences 4 (ITDs) are well understood in pre-cortical areas, how such information is reused and 5 transformed in higher cortical regions to represent segregated sound sources is not clear. 6 We present a computational model describing a hypothesized neural network that spans 7 spatial cue detection areas and the cortex. This network is based on recent physiological 8 findings that cortical neurons selectively encode target stimuli in the presence of 9 competing maskers based on source locations (Maddox et al., 2012). We demonstrate that 10 key features of cortical responses can be generated by the model network, which exploits 11 spatial interactions between inputs via lateral inhibition, enabling the spatial separation of 12 target and interfering sources while allowing monitoring of a broader acoustic space when 13 there is no competition. We present the model network along with testable experimental 14 paradigms as a starting point for understanding the transformation and organization of 15 spatial information from midbrain to cortex. This network is then extended to suggest 16 engineering solutions that may be useful for hearing-assistive devices in solving the 17 cocktail party problem. 18 
Significance statement  19 
Spatial cues are known to be critical for human and animal brains when following specific 20 sound sources in the presence of competing sounds, but the exact mechanism by which this 21 happens is not clear. The role of spatial cues in localizing single sound sources in the 22 
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midbrain is well documented, but how these extracted cues are used downstream in the 23 cortex to separate competing sources is not clear. We present a computational neural 24 network model based on recent recordings to bridge this gap. The model identifies specific 25 candidate physiological mechanisms underlying this process and can be extended to 26 construct engineering solutions that may be useful for hearing assistive devices for coping 27 with the cocktail party problem.  28 
Introduction 29 
The problem of recognizing and processing individual auditory objects in complex listening 30 environments, the “cocktail party problem”, was recognized more than fifty years ago 31 (Cherry, 1953); however, its neural mechanism remains poorly understood. Human and 32 animal auditory systems selectively segregate and follow a selected sound source in the 33 presence of competition to make sense of multiple-source environments (Bregman, 1994). 34 Spatial cues enable listeners to segregate and follow individual sources, as demonstrated 35 by human and animal studies (Hine et al., 1994, Dent et al., 1997, Darwin and Hukin, 1998, 36 Arbogast et al., 2002, Dent et al., 2009). While pre-cortical neurons have been extensively 37 shown to be selectively tuned to spatial cues such as interaural time difference (ITD) 38 (Knudsen and Konishi, 1978, Yin and Chan, 1990, Pena and Konishi, 2001, Köppl and Carr, 39 2008, Devore et al., 2009), how spatial information from spatial cue detection areas is 40 relayed to and used in higher cortical areas is not clear (Vonderschen and Wagner, 2014). 41 Recent experiments on cortical responses revealed that while spatial tuning for single 42 sound sources is broad, simultaneous competing sources increase spatial selectivity 43 (Maddox et al., 2012, Middlebrooks and Bremen, 2013). Although these findings shed light 44 on the spatial encoding capabilities of the cortex, neural mechanisms capable of generating 45 
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such capabilities remain unknown. The goal of this study is to provide a computational 46 model consistent with existing physiological evidence to describe the transformation 47 between pre-cortical areas and the cortex, which can selectively encode target stimuli 48 when presented with competing sources in space. Specifically, we present a model network 49 that replicates the spatial responses observed in a study by Maddox and colleagues 50 (Maddox et al., 2012), providing a mechanistic solution to the spatial segregation of 51 independent sources.                                                                                                                                                 52 Maddox and colleagues demonstrated that, while the coding of song identity is not 53 strongly impacted by stimulus location in quiet, location does have a significant effect on 54 neural coding when there is a competing masker. In their experiments, two birdsongs were 55 first presented independently from one of four stimulus locations (Fig. 1a). The neuron’s 56 spatial performance was studied using the discriminability index, a metric quantifying the 57 neural coding of song identity at each location.  A larger difference in neural responses to 58 the two songs gives higher song discriminability, indicating a location where birdsong is 59 more “intelligible” to the neuron.  For the target song alone (“clean”) case, similar 60 discriminability across locations (Fig. 1a) indicates broad spatial tuning, where all spatial 61 locations are similarly encoded within this neuron. In the masked conditions illustrated in 62 Fig. 1, Panels b and c, a noise masker is played concurrently with a target, and the two are 63 co-varied in location for all possible combinations. A spatial discriminability grid of 64 responses to all recorded target and masker location combinations (Fig. 1d) shows that for 65 this unit, discriminability is better at a few “hotspots” shaded in lighter colors. These 66 patterns indicate a sharpened spatial preference for encoded song stimuli in the presence 67 of a competing masker at these locations.  68 
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In this paper, our goals are to construct a model network capable of replicating key 69 features of the experimentally observed cortical responses: i) similar discriminability for 70 target songs in quiet at any location, indicating broad tuning and the ability of neurons to 71 monitor the entire acoustic space in quiet; and ii) the emergence of “hotspots” where 72 coding of song identity is enhanced at select stimulus locations in the presence of second 73 competing sound (the masker). The network can be adjusted to model a diverse range of 74 spatial responses, demonstrated by fitting the population of neurons reported in the 75 Maddox study. Finally, we propose a way to extend this network to design engineering 76 solutions that may be useful for achieving spatial stream segregation in hearing-assistive 77 devices. 78 
Methods 79 
Network model overview 80 
The network is composed of a three-layer structure, where the bottom layer receives pre-81 cortical input, and the final layer provides the cortical output, which is then compared to 82 the recordings. The model architecture, model mechanisms and parameters, and simulated 83 pre-cortical input are explained in separate sections below. 84 
Network model architecture  85 
The structure of the model, which was custom written in MATLAB, can be seen in Fig. 2 86 (Panels a, b, &c). The basic architecture consists of an input layer with four spatial input 87 channels corresponding to -90, 0, 45 and 90 degrees to mirror the experimental design of 88 Maddox et al., 2012, and an intermediate layer of processing that includes excitatory relay 89 neurons (R) and inhibitory neurons (I), and an output cortical neuron (C). The detailed 90 
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network connectivity is determined by the inhibitory connections as illustrated in Fig. 2. 91 Our goal was to match the response of the output cortical neuron C in the model to the 92 main features of the neurons recorded in the experiments by Maddox and colleagues.  93 
Biological rationale. The convergence architecture was hypothesized based on 94 physiological data showing selected spatial tuning responses in the midbrain (Knudsen and 95 Konishi, 1978, Yin and Chan, 1990, Köppl and Carr, 2008), in contrast to the broad tuning 96 observed in the cortex (Stecker et al., 2005, Higgins, Storace, Escabi, & Read, 2010). The 97 spectro-temporal response properties of the input layer neurons were modeled after 98 experimentally measured spectro-temporal receptive fields (STRFs) of neurons in the 99 avian midbrain (Amin et al., 2010; see section Network model input in Methods below). We 100 modeled four spatial input channels as described above. In the biological system, there 101 could be more input channels tuned at different locations at a finer spatial resolution. The 102 spatial tuning of zebra finch midbrain neurons remains unknown. We began with the 103 simplest assumption that there were no interactions across spatial input channels, and 104 later relaxed this assumption to allow spatial overlap between the input channels and 105 demonstrated that the model remains robust over a range of spatial overlaps (see Spatial 106 
tuning width at the input stage in Methods below, also Fig. 4 of Results). 107 This model architecture is consistent with the inhibitory (and relay) neurons being located 108 anywhere in the processing stream between the input (midbrain) neurons and the output 109 cortical neuron. It is possible that the inhibitory (and relay) neurons are located in the 110 thalamus. Inhibitory neurons have been found at the thalamic level in birds (Pinaud and 111 Mello 2007) and some mammals (Winer, 1992). Alternatively, inhibitory (and relay) 112 neurons might be located within cortex prior to the output cortical neuron. There is 113 
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extensive evidence supporting the presence of inhibitory neurons at the cortical level, both 114 in birds and mammals (Pinaud and Mello, 2007; Oswald et al., 2006). 115 
Model Neurons 116 
All neurons in the model are integrate-and-fire neurons. Specific parameters used are 117 described below. Resting potential was -60 mV, spiking threshold was -40 mV, and the 118 reversal potential for excitatory currents was 0 mV for all neurons. In relay neurons, the 119 reversal potential for inhibitory currents was -70 mV. In inter-neurons, excitatory post-120 synaptic conductance (EPSC) was modeled as an alpha function with a time constant of one 121 millisecond. In relay neurons, both EPSC and inhibitory post-synaptic conductance (IPSC) 122 were modeled as the difference of a rising and a falling exponential, where rise and fall time 123 constants were 1 and 3 ms, and 4 and 50 ms, respectively. An absolute refractory period of 124 3 ms was enforced in all neurons. These values are physiologically plausible (Froemke et 125 al., 2007).  In the cortical neuron, spike-rate adaptation was implemented by a 126 hyperpolarizing conductance term that increases after firing and then recovers to zero 127 exponentially (Dayan and Abbott, 2001). The adaptation time-constant was 400 ms, and 128 the strengths of the adaptation conductance for simulated neural units are shown in Table 129 1. Input synapses to the cortical neuron also have synaptic depression, which were 130 modeled as described in Varela et al. (Varela et al., 1997). Although this quantitative 131 formulation was applied to visual cortical synapses in Varela et al., synaptic depression is 132 also observed in auditory thalamocortical circuits (Oswald et al., 2006, Rose and Metherate, 133 2005, Atzori et al 2001, Levy and Reyes 2012).  We used a single synaptic depression 134 component with fixed time course of 80 ms, and synaptic depression factor of 0.95, to 135 model the experimental data in Maddox et al., 2012. Both adaptation and synaptic 136 
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depression were implemented in the simulations shown in Fig. 2 and 4 for all modeled 137 neurons.  138 
Table 1 Spectral temporal receptive fields (STRFs) input and adaptation conductance used for 139 
each simulated neural unit. STRF input and adaptation conductance were fit to best match the 140 
firing characteristics of each neuron recorded in the Maddox study, while other neuron modeling 141 
parameters were fixed as reported above.  142 

STRF # Neural Units Adaptation 
conductance 

1 3, 6, 9, 10, 11, 13, 21, 23 0.025
14, 22 0.04

2 15 0

3 29 0.12
27 0.1

4 7 0.07
5 19 0.06
6 2 0.06

7 5 0.2
25 0.16

8 20, 32 0.07
1, 12,, 33 0.08

9 16, 23 0.09
10 8 0.09
11 4 0.09
12 26, 28, 31 0.03

13 17 0.01
18 0.03

Parameter fitting 143 
Parameters were held constant throughout all simulations, except for the synaptic 144 strengths and the strength of neural adaptation. To fit each recorded neuron, we first fit the 145 general neural dynamics and baseline discriminability values by adjusting the strength of 146 neural adaptation and the synaptic strengths without lateral inhibition. The specific values 147 of neural adaptation used can be found in Table 1. The feed-forward synaptic weights 148 (Input to Relay neuron) were then adjusted to match the discriminability values for clean 149 
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and co-located cases at each azimuth, while other parameters were held the same. For 150 lateral inhibition, the synaptic strength of each inhibitory connection was chosen to model 151 the recorded discriminability of its corresponding song and masker location. Our goal in 152 this study was to fit the spatial discriminability grids observed experimentally.  153 
Network model input 154 The model input is composed of four spatial input channels corresponding to the stimulus 155 locations used in the experiment by Maddox and colleagues (as shown in Fig. 2). Each 156 channel receives simulated spike train responses of neurons at midbrain level as input. 157 Input responses were simulated with spectro-temporal receptive fields (STRFs) modeled 158 after typical STRFs obtained from the midbrain (MLd) of zebra finch songbirds (Amin et al., 159 2010). The input generation process is illustrated in Fig. 3 and explained in detail below. 160 For the majority of simulations, the azimuth response field for each modeled neuron was 161 simulated with a Gaussian function and across the population there was minimal overlap 162 between response fields. (Fig. 4, bottom left illustration). This no-overlap assumption 163 effectively means that for the azimuth locations used in the experiment, neighboring 164 sources are outside the spatial receptive field, and each input channel will only respond to 165 stimuli from its corresponding location. The effect of wider spatial tuning was also studied 166 by running separate simulations with wider, overlapping Gaussian inputs (see Results). 167 
Model input using spectral temporal receptive fields (STRFs)  168 STRFs were used to simulate input responses. These STRFs were modeled using the 169 product of Gabor functions in the time and frequency domain (Qiu et al., 2003): 170  ( , ) ( ) ( )STRF t f G f H t= ⋅ , where  171 
 2

00.5[( )/ ]
0( ) cos[2 ( )]ff f

fG f e f fσ π− −= ⋅ ⋅Ω ⋅ −  , and  172 
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 2
00.5[( )/ ]

0( ) cos[2 ( ) ]tt t
t tH t e t t Pσ π− −= ⋅ ⋅Ω ⋅ − + . 173 The frequency range is determined by 0f , the best frequency; fσ , the spectral bandwidth; 174 

and fΩ , the best spectral modulation frequency, which were chosen and fixed at 4300 Hz, 175 2000 Hz, and 50 μs, respectively, to generate a broadband STRF for all simulations based 176 on physiological ranges reported in the midbrain (MLd) of zebra finch songbirds by Amin 177 and colleagues (Amin et al., 2010). Temporal parameters 0t , the temporal latency; tσ , the 178 temporal bandwidth; and tΩ , the best temporal modulation frequency, were assigned 7 179 ms, 4.5 ms, and 56 Hz, respectively, based on recorded physiological values (Amin et al., 180 2010).  181 The normalization factor and temporal phase ( tP ) were varied to match the neuron-182 specific raster responses seen in the neural recordings of the Maddox study. Other STRF 183 parameters were largely fixed for simplicity, but the model is robust to variations in these 184 parameters. Specific values of used parameters are shown in Table 2.  185 
STRF modeled input spike trains 186 As shown in Fig. 3, STRFs were first converted to firing rates by convolving the stimulus 187 spectrogram with the model STRF and half-wave rectifying so that rate outputs were 188 positive. For each simulated neuron, the firing rate was normalized by factor a  to adjust the 189 final mean firing rate: 0( ) ( )r t a r t= ⋅ . Finally, a Poisson spike model with a refractory period 190 of 6 ms generated the neural response spikes used as the network model inputs, consistent 191 with the instantaneous rates. 192 
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Table 2 Parameters used for each type of input model STRF. Temporal phase tP  and 193 
normalization factor are adjusted to match the recorded responses of the corresponding neurons, 194 
while other temporal and spectral parameters are held fixed and reported above. 195 

STRF # Normalization 
factor tP  (rad) 

1 0.08 1.4608 
2 0.1 1.4923 
3 0.07 

1.508 
4 0.1 
5 0.12 1.5237 
6 0.1 1.5394 
7 0.07 

1.5425 
8 0.087 
9 0.15 

1.5582 10 0.05 
11 0.08 
12 0.16 1.5598 
13 0.17 1.5708  196 

Spatial tuning width at the input stage 197 Spatial tuning width at the midbrain level varies across species, and is notably broader 198 relative to the behavioral tuning for some mammals (Vonderschen and Wagner, 2014). To 199 investigate whether the network model is functionally feasible with broader spatial tuning, 200 the effect of spatial tuning width variation was studied by running simulations on an 201 example neural unit and its neural network. The spatial tuning curves of input neurons 202 were assumed to be Gaussian functions with varying standard deviations, as shown in Fig. 203 4. Tuning widths (twice the standard deviation σ) of 15° or smaller result in no crosstalk 204 between the input channels separated by 45°, as implemented in the main experiment. For 205 the model unit used to test the effect of overlap (Unit 2 in Table 1), the tuning was then 206 increased to show differences in model responses. 207 
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Discriminability index: evaluating stimulus encoding and 208 
spatial tuning 209 
The discriminability index calculates the level of dis-similarity between spike trains 210 generated in response to two songs (Wang et al., 2007). For both sets of ten spike trains 211 recorded from the same neuron, a random spike train from each song is chosen as a 212 template, and the remaining spike trains are assigned to the closest template based on the 213 van Rossum spike distance metric, which measures discrimination between two spike 214 trains (van Rossum, 2001). This yields a perfect discriminability of 100% for an ideal 215 response pair, and a chance discriminability of 50% for an indiscriminable response pair. 216 
Quantifying goodness of fit 217 
To assess the fit of the model to individual units from the original study, we calculated the 218 average deviation and correlation coefficient between the discriminability values for clean 219 and masked responses of the data and that of the simulation. The average deviation is the 220 mean value of the absolute difference between each corresponding discriminability value.  221 
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Results 222 
Cross-channel lateral inhibition enables the network to match 223 
experimentally observed neural responses 224 

As described in Methods, a multi-layer network model (Fig. 2a, left) of integrate-225 and-fire neurons was constructed to replicate selective spatial responses to competing 226 sound sources. Input layer neurons represent neurons at the spatial cue detection level, 227 and receive input generated by the model in Fig. 3 when a stimulus is presented at the 228 corresponding location (see Methods). Thus, there are four input “channels” corresponding 229 to each speaker location in the experiment. The four input units excite four corresponding 230 channels of relay neurons and inter-neurons in the middle-layer, which inherit their spatial 231 tuning. Relay neurons converge to excite the cortical neuron (Fig. 2a, left), making it 232 broadly tuned to stimuli from all directions in the clean (i.e., no masker) case 233 (discriminability grid shown in Fig. 2a inset), as observed in the data (Fig. 1a; also see 234 
Network Model Architecture in Methods). However, in this network (Fig. 2a, left), the spatial 235 discriminability grid is relatively uniform (Fig. 2a, center column), unlike that observed in 236 the data (Fig. 1d). Thus, this basic network replicates the broad response in the target alone 237 case, but fails to produce the configuration-dependent “hotspots” observed in the data. 238 Introducing lateral inhibition from inter-neurons across spatial channels allows the 239 target response to suppress the masker response when presented at the tuned locations, 240 generating a “hotspot” of performance for a given target and masker location combination 241 (Fig. 2b). Figure 2d depicts the sub-threshold conductance and voltage changes in the relay 242 and cortical neurons in the expanded time segment. While neuron R2 spikes predictably in 243 
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response to increases in excitatory post-synaptic conductance (EPSC), R1 is unable to spike 244 following its EPSC input due to long-lasting suppression by lateral inhibition as seen in the 245 increase in inhibitory post-synaptic conductance (IPSC)  (Fig. 2d, bottom, magenta trace) 246 from I2. In this case, the voltage response of the cortical neuron resembles that of R2 and 247 the 0˚ target input (Fig. 2d). This is seen in the raster plots for the same stimulus paradigm, 248 which resembles the target alone condition (Fig 2b, bottom right), indicating that the 249 cortical neuron is able to follow the target and largely ignore the masker. Note that when 250 the locations of target and masker are reversed, discriminability decreases due to the 251 masking of target by noise (Fig. 2b, center and top right). The preferred spatial location 252 combinations in the recorded unit (Fig. 1d) can be modeled by introducing additional 253 lateral inhibitory connections as shown in Fig. 2c.  254 By adjusting model parameters, we were able to satisfactorily fit 32 out of 33 units 255 recorded in the original study. The model was largely robust in the parameter ranges we 256 tested (see Methods for details). We used two parameters to assess the closeness of fit 257 between each unit and its model simulation. Average deviation measures the closeness of 258 the discriminability values of the simulation compared to the data in units of 259 discriminability percentage, and was 3.39±0.97% for all simulated units. The correlation 260 coefficient ranging from -1 to 1 measures how closely the pattern of the simulated grid 261 agrees with the experimental grid, and was 0.94±0.04 for the simulated units. The neural 262 unit that did not have an overall satisfactory fit had a spatial grid that was very uniform, 263 where discriminability variations within the grid were small and random. As a result, the 264 simulated fit had a deviation value within the normal range, but a very low cross-265 correlation coefficient.  266 
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It is noteworthy that the model network without lateral inhibition showed a 267 relatively uniform spatial grid (Fig. 2a, center column), unlike the experimental data. This 268 network did include adaptation and synaptic depression (see Methods section on Model 269 
neurons). Thus, without lateral inhibition, adaptation and synaptic depression are not 270 sufficient to explain the experimentally observed “hotspots” in the spatial grid. 271 
Spatial tuning  272 The sharpness of spatial tuning curves was varied to test whether the model can 273 describe the data with broader spatial input at the midbrain level. In the initial simulations, 274 we assumed no crosstalk between spatial channels, which corresponds approximately to a 275 Gaussian spatial tuning curve of width 2σ (twice the standard deviation σ) less than 15°, 276 where σ is the standard deviation of the Gaussian function. As the width increased, more 277 and more overlap occurred between channels, as shown in the left column of Fig. 4a.  278 For the simulations shown in Fig. 4, spatial tuning width 2σ was increased to 40°, 279 80°, and 120°, respectively, while keeping all other parameters identical. The results of 280 broadened tuning widths are shown in Fig. 4b, c. The goodness of fit, as quantified by 281 deviation and cross-correlation coefficient, diminished as tuning width was broadened. The 282 mean and standard deviation of these two measures calculated from the population of 283 simulated units, is plotted as dotted lines and shaded areas in Fig. 4b for reference. In the 284 40° case, both deviation and cross-correlation coefficient remain within the range for the 285 population of simulated units. The spatial tuning grid for 40° seen in Fig. 4c (lower panel), 286 also maintains the general features of the data (Fig. 1d) and the original minimum overlap 287 simulation (Fig. 2c, center). Therefore, this network model remains robust when spatial 288 tuning width is increased to 40°.  Even at a spatial tuning width of 80°, which corresponds 289 
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to a fairly large overlap, the correlation coefficient remains relatively high at 0.91 and the 290 deviation relatively low at 6.42% (Figure 4b). Thus, the model remains robust for spatially 291 overlapping tuning curves, degrading gracefully at very high overlaps (e.g., 120°, Fig 4c 292 upper panel). 293 
Extending the model network to potential engineering 294 
solutions for segregating spatial sound sources 295 

The network can be extended to provide an engineering solution to the problem of 296 segregating target from noise in space for the maximal number of locations on the grid. 297 Figure 5a demonstrates a network where good discriminability is obtained for all 298 conditions with target location to the right of masker location. This network, together with 299 a complementary network with high performance for grid positions above the diagonal, 300 allows the segregation of non-colocated sources for any azimuth, while maintaining 301 consistently high intelligibility when only one source is present. An alternative engineering 302 solution is demonstrated in Fig. 5b, where one channel acts as a beamformer by inhibiting 303 all other channels. In this case, similar networks beaming at other directions will enable a 304 user to selectively listen to any direction of interest. 305 
Discussion 306 

The network model used here provides an explicit way of generating neural 307 responses that replicate the key features of the cortical neurons recorded by Maddox and 308 colleagues (Maddox et al., 2012), and provides a neural strategy for transforming 309 information into selective coding for sound sources in the presence of multiple sources. 310 The network uses information from input neurons through individual spatial channels and 311 
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matches the key experimental features through convergent excitation and lateral inhibition 312 across spatial channels.  313 
Predictions and implications 314 
Lateral inhibition 315 The model suggests that lateral inhibition plays an important role in spatial sound 316 source segregation. While lateral inhibition is a widely known mechanism in the brain, to 317 our knowledge this study is the first to demonstrate how it can be exploited in the context 318 of the cocktail party problem. Inhibition is present in Field L as well as the mammalian 319 primary auditory cortex (Müller and Scheich, 1988, Wehr and Zador, 2003). Recently, there 320 has been evidence of suppression by spatially separated stimuli in the cortex of marmoset 321 monkeys (Zhou and Wang, 2012, 2013), which could be a manifestation of the lateral 322 inhibition postulated in the model.  323 Given this network, we propose a physiological experiment that may provide 324 additional insights. One can experimentally test the nature and source of inhibition by 325 locally blocking GABA receptors and measuring the spatial grid under the same 326 experimental setup. If the recorded spatial grid becomes less spatially sensitive, the 327 proposed lateral inhibitory connections are most likely local.  328 
Exploring alternate mechanisms for spatial sound source segregation 329 The above simulations show that the sharpened spatial tuning in the presence of 330 multiple sources, which allows for spatial stream segregation, can be achieved via lateral 331 inhibition across spatial channels. An alternate mechanism for spatial streaming, proposed 332 in a recent study (Middlebrooks and Bremen, 2013) is forward masking. Candidate neural 333 mechanisms underlying forward masking are adaptation and synaptic depression. The 334 
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network model used here incorporated both of these mechanisms to model the temporal 335 dynamics of the cortical responses. Our simulations indicate that while these mechanisms 336 are important in determining the temporal dynamics of neural responses, they alone fail to 337 produce the diverse spatial grids seen in the Maddox study due to a lack of cross-channel 338 spatial interactions (Fig. 2a, middle panel). In particular, without lateral inhibition, the 339 model does not replicate the hotspots seen in the experimentally observed spatial grid. 340 Thus, lateral inhibition involving interactions across spatial channels is necessary in the 341 model for replicating the spatial properties in the observed data.  342 
Response to multiple maskers 343 For each recorded unit, looking at its single-masker spatial grid response provides 344 predictions for how it might respond to multiple maskers. In Fig. 2c, for example, the 345 simulated neuron is robust to maskers presented from both -90˚ and 90˚ (independently) 346 when the target is located at 0˚. This is achieved in the model network by inhibitory 347 connections from 0˚ to -90˚ and 90˚, which means that target stimuli at 0˚ could mask 2 348 simultaneous noise sources from -90˚ and 90˚. Consistent with this intuition, our simulated 349 network for this unit was robust to simultaneous maskers from -90˚ and 90˚. It should be 350 possible to test such predictions by performing two-masker experiments physiologically, 351 and comparing the results to those of single-masker cases for each neuron.  352 
Potential engineering solution to the cocktail party problem 353 The engineering solution visualized in Fig 5b is robust to simultaneous maskers in 354 all channels other than the target (in this case three simultaneous maskers at -90˚, 45˚ and 355 90˚), making this a particularly attractive design option in the context of hearing assistive 356 devices in the presence of multiple speakers. 357 
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We plan to use the proposed engineering solution networks in Fig. 5 to segregate 358 mixed-source acoustic stimuli by building a system that can take mixed-source acoustic 359 inputs and output a single desired acoustic source. This will require two additional 360 processing steps. First, a peripheral model that converts acoustic stimuli into neural 361 representations consistent with the network input is needed. This will be a model where 362 neurons selectively respond to a preferred direction using inter-aural cues, similar to 363 previous neural models of spatial tuning (Fischer et al., 2009). Second, the neural network 364 output, i.e., spike trains representing the single desired source, needs to be converted back 365 into acoustic waveforms. This can be done using stimulus reconstruction (Mesgarani and 366 Chang, 2012) . We are working on both steps with the long-term goal of ultimately testing 367 the segregation capabilities of the model on normal and hearing-impaired listeners. 368 
Spatial tuning of inputs and applicability of model to spatial 369 
processing in birds and mammals 370 

For the majority of simulations, input neurons are assumed to have non-overlapping 371 Gaussian spatial tuning curves centered at azimuths corresponding to those used in the 372 experiment. A separate set of simulations showed that the model network remains robust 373 when the spatial tuning curves are broadened to have significant overlap. 374 Spatially selective neurons found in the owl midbrain (Knudsen and Konishi, 1978, 375 Pena and Konishi, 2001) and chicken hindbrain (Köppl and Carr, 2008) demonstrate ITD 376 sensitivity within the physiological range. Although spatial tuning of midbrain neurons in 377 the zebra finch remains unknown, it is likely that the auditory periphery contains similarly 378 spatially sensitive neurons like other avian species, as spatial tuning appears to follow an 379 
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evolutionary divide across species (Schnupp and Carr, 2009, Ashida and Carr, 2011). An 380 outstanding question is whether the model will hold for species whose midbrain neurons 381 show broader spatial sensitivity, such as small-headed mammals where tuning curves span 382 an entire hemisphere or more (Vonderschen and Wagner, 2014). As we tested, the selective 383 mechanism remains robust when spatial tuning is widened up to 40° (Fig. 4), comparable 384 to some azimuth ITD tuning functions recorded in the rabbit IC by Day and colleagues (Day 385 et al., 2012).   386 In species that show broad spatial tuning in the midbrain, spatial tuning may be 387 further sharpened within the cortical level. One possibility is that broad spatially tuned 388 pre-cortical inputs are sharpened by a high threshold at the cortical level.  A second 389 possibility is that the spatial tuning of cortical neurons is sharpened during active 390 engagement in a task (Lee and Middlebrooks, 2011).  In this case, the authors proposed a 391 top-down activation of inhibitory mechanisms as a potential mechanism. The Maddox 392 experiments were in an anesthetized preparation, so lacking top-down activation, but it is 393 possible that sharpening of tuning via lateral inhibition  can be elicited by  top-down 394 activation  (e.g., during active engagement),  or bottom-up activation (e.g., in the multiple 395 source condition). A third possibility is that for neurons with broad spatial tuning, the 396 hypothesized spatially tuned inputs may be achieved through population coding, i.e., 397 computations based on effective pooling across input neurons. 398 The neurons in the experiments by Maddox and colleagues (Maddox et al., 2012) 399 were recorded in field L of the zebra finch, the analog of mammalian primary auditory 400 cortex. Although the strict homology between auditory areas in birds and mammals is still 401 debated, the functional properties of Field L neurons, e.g., spectro-temporal receptive 402 
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fields, are similar to those observed in mammalian auditory cortex (Sen et al., 2001). In 403 addition, the trend of less spatial specificity for single sources from primary spatial cue 404 detection areas to higher cortical areas appears common across mammalian and bird 405 species (Vonderschen and Wagner, 2014), for which this study provides a possible 406 explanation. Thus, the model described here may explain some of the general properties of 407 cortical neurons in other systems. 408 
Population coding and readout  409 
The network presented here suggests that in the presence of multiple sound sources, 410 cortical neurons can “selectively listen” to particular target sources, which correspond to 411 “hotspots” of performance on the spatial grid. A population of such neurons, for different 412 locations in space, would enable spatial streaming over a range of locations. This is 413 consistent with the diversity of spatial grids with hot spots at different locations observed 414 in the experimental data (Maddox et al., 2012). The experimental data were obtained in 415 anesthetized animals, suggesting that such a population representation is “pre-attentive”. 416 Attention may facilitate the proper readout from this cortical population by selecting the 417 appropriate neuron(s) for given target and masker locations. 418 
Concluding remarks 419 
In this study we presented a computational model describing how the auditory cortex may 420 transform spatial representations to solve a key aspect of the cocktail party problem. The 421 computational model is based on physiological data (Maddox et al., 2012) and makes two 422 key predictions that can be tested experimentally. First, the model predicts that lateral 423 inhibition is a core mechanism underlying spatial sound source segregation. It would be 424 
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interesting to further elucidate the nature and the location of such inhibition in similar 425 experiments by pharmacologically blocking local GABA receptors. Second, the model 426 predicts that some cortical neurons will remain robust when additional maskers are added 427 in select locations predicted by the model. This can be tested in experiments on spatial 428 selectivity of cortical neurons with three or more sound sources.  429 In addition to testing these key experimental predictions, it will also be interesting to 430 implement the engineering solutions discussed in the paper and test if the proposed circuit 431 can successfully segregate sounds sources and improve listening performance in normal 432 and hearing impaired listeners in cocktail-party-like settings.  433 
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Legends 536 
Figure 1. Recorded cortical neurons develop sharper spatial responses to targets when a 537 noise masker is present (Maddox et al., 2012). (a) Responses to target alone. Two bird 538 songs—Song 1 and 2 (spectrograms shown in upper left)—are played separately from four 539 locations -90°, 0°, 45° and 90°. Recorded raster plots of responses to the two birdsongs are 540 shown at each azimuth location. Positive degrees indicate locations contralateral to 541 recording site. The color-coded discriminability values for each location are shown in the 542 horizontal grid on the upper right. (Color map for all panels is shown in the top row of 543 Panel d.) (b, c) Responses to target with masker. Masker and one target song are played 544 concurrently from one (co-located) or two (separated) of the four stimulus locations. 545 Panels b and c show a masker fixed at 0° or -90°, indicated by black or grey boxed M’s, 546 respectively, while the target song is played at one of the locations shown. As in Panel a, 547 recorded raster responses from each target location are shown, and discriminability values 548 are shown in the colored grid of values (upper right of panel). (d) Discriminability values for 549 
all location combinations. The top grid (single row) of numbers are the discriminability 550 values for the “clean” (target-alone) conditions.  In the lower, spatial discriminability grid, 551 each block indicates a target and masker location combination. The rows indicated by black 552 or grey boxed M’s are cases where the masker is fixed at 0° or -90°. Blocks in all grids are 553 colored according to the color scale given at the top of this panel.  554 
Figure 2.   Lateral inhibition in the model can account for the spatial tuning and spatial 555 segregation properties of recorded units. (a-c) Left: model structure. Center: simulated 556 spatial grid. Right: raster plots for stimulus conditions indicated by dashed or solid squares 557 
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in the grid.  Top right inset shows the simulated discriminability for the clean (no-masker) 558 case indicating broad spatial tuning.  This clean case is not impacted by the addition of 559 lateral inhibition, and is identical for all networks shown.  (a) Basic model structure with 560 no lateral inhibitory connections. Simulated multi-source spatial grid in model without 561 lateral inhibition lacks the spatial diversity observed in the data. (b) Spatial grid produced 562 by the model with one inhibitory connection between 0° and -90°, shows an increase in 563 discriminability when target and masker are presented at 0° and -90°, respectively.  (c) 564 Model with additional inhibitory connections simulates the spatial response of the 565 recorded unit shown in Figure 1d. (d) Sub-threshold responses of relay and cortical 566 neurons, R1, R2, and C (Panel b, left), for the labeled time segment (Panel b, right) of one 567 trial when target is presented at 0° and masker at -90°. Direct excitatory currents to R1 (R1 568 Conduc: black curve) are offset by inhibitory currents from I2 (R1 Conduc: magenta curve), 569 and R1 is unable to reach spiking threshold, as seen in its voltage trace (R1 Voltage: black 570 curve). In contrast, R2 is able to relay its temporal information to C, whose spiking pattern 571 (C Voltage) resembles that of R2 (R2 Voltage).  572 
Figure 3. Illustration of model input generation process. The stimulus spectrogram was 573 convolved with STRFs modeled after midbrain neurons, followed by half-wave rectification, 574 then rate normalization to generate an instantaneous output firing rate. This firing rate was 575 then used to generate spikes using a spiking model (see Methods for details). The values of 576 temporal phase tP  and normalization factor a  used were reported in Table 2. 577 
Figure 4. Network performance is robust to broader spatial tuning of inputs, as shown by 578 extended simulations on the example unit previously displayed in Fig. 2. (a) Illustrations of 579 Gaussian spatial tuning curves of varying widths, defined by twice the standard deviation 580 
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(2σ). (b) Results of spatial grid simulations for broadened input tuning with 2σ at 40°, 80°, 581 and 120°, compared to the no-overlap case (<15°) on the bottom. The cross-correlation 582 coefficient and deviation of the simulated results are plotted in green and purple, 583 respectively, on separate horizontal axes. On the cross-correlation coefficient axis (top), 584 larger values (closer to unity) indicate a better fit, while the deviation axis (bottom) shows 585 better fits at smaller values closer to 0%. For reference, shaded areas and dotted lines 586 indicate the mean and standard deviation of cross-correlation coefficient and deviation 587 values, for original simulated population using non-overlapping inputs. As the spatial 588 tuning of input units was broadened from <15° to 120°, the correlation coefficient (green 589 dots) and the deviation (purple dots) degraded gracefully. The correlation coefficient 590 remained above 0.8 and the deviation remained below 10% for the broadest tuning width. 591 (c) Illustrations of simulated spatial grids with input widths of 40° and 120°. The 40° 592 spatial grid can be compared to the no overlap spatial grid shown in Fig. 2c. The two grids 593 show a similar visual pattern, which is quantified by the similar deviation and cross-594 correlation coefficient values shown in Panel b.  The 120° grid maintains the general 595 pattern but has overall higher discriminability throughout. 596 
Figure 5. Engineering solutions. (a) Left: “contralateral-dominance” model network where 597 all channels contralateral to the dominant channel are inhibited; Right: simulation results 598 of this structure achieve the maximum number of spatially separable target and masker 599 locations, where all targets contralateral to masker can be segregated. (b) Left: 600 “beamformer” model network where the channel tuned to the front (0°) inhibits all other 601 channels; Right: the simulated spatial grid illustrating the segregation of the frontal target 602 source.  603 
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