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Abstract 32 

In everyday behavior, sensory systems are in constant competition for attentional resources, but 33 

the cellular and circuit-level mechanisms of modality-selective attention remain largely 34 

uninvestigated. We conducted translaminar recordings in mouse auditory cortex (AC) during an 35 

audiovisual (AV) attention shifting task. Attending to sound elements in an AV stream reduced 36 

both pre-stimulus and stimulus-evoked spiking activity, primarily in deep layer neurons and 37 

neurons without spectrotemporal tuning. Despite reduced spiking, stimulus decoder accuracy 38 

was preserved, suggesting improved sound encoding efficiency. Similarly, task-irrelevant 39 

mapping stimuli during intertrial intervals evoked fewer spikes without impairing stimulus 40 

encoding, indicating that attentional modulation generalized beyond training stimuli. Importantly, 41 

spiking reductions predicted trial-to-trial behavioral accuracy during auditory attention, but not 42 

visual attention. Together, these findings suggest auditory attention facilitates sound 43 

discrimination by filtering sound-irrelevant background activity in AC, and that the deepest 44 

cortical layers serve as a hub for integrating extramodal contextual information. 45 

Introduction  46 

Information from one or another sensory pathway may become differentially relevant due 47 

to environmental changes. The brain must therefore continuously assign limited attentional 48 

resources to processing simultaneous information streams from each sensory modality. For 49 

example, hearing a siren while listening to music in the car might prompt an attention shift away 50 

from the auditory stream, toward a visual search for emergency vehicles. On the other hand, a 51 

similar shift away from the music is unlikely while listening at home. In these cases, contextual 52 

cues support allocating attention to either the auditory domain or the visual domain, and the 53 

perceptual experience of the music is qualitatively different. How might sensory cortex 54 

differentially encode stimuli from an attended versus filtered modality? 55 

Attentional selection operates cooperatively at many levels of sensory processing. Most 56 

effort has been devoted to understanding the neural mechanisms of feature-selective attention 57 

within a single modality (Desimone and Duncan, 1995; Fritz et al., 2007). A major focus of this 58 

work has been characterizing transformations of stimulus representations in sensory cortical 59 

areas, due to their pivotal position between ascending sensory pathways and behavioral 60 

networks implementing top-down control (Lamme et al., 1998; Sutter and Shamma, 2011). 61 

These studies, largely from the visual domain, have shown that attention to a stimulus feature or 62 

space will often increase stimulus-evoked spiking responses and reduce thresholds for eliciting 63 



 

a response; likewise, responses to unattended stimuli are often decreased (Reynolds and 64 

Chelazzi, 2004). On the other hand, fewer studies have examined how modality-selective 65 

attention affects encoding in sensory cortex. This mode of attention highlights behaviorally-66 

relevant sensory streams while filtering less relevant ones. Human fMRI studies have reported 67 

differential activation patterns in auditory and visual cortex (AC, VC) reflecting the attended 68 

modality (Johnson and Zatorre, 2005; Petkov et al., 2004; Shomstein and Yantis, 2004; 69 

Woodruff et al., 1996). Extending these findings, studies in primate AC and VC have reported 70 

entrainment local field potential (LFP) oscillations by modality-selective attention, which serves 71 

to modulate excitability and sharpen feature tuning within sensory cortex corresponding to the 72 

attended modality (Hocherman et al., 1976; Lakatos et al., 2009, 2008; O’Connell et al., 2014). 73 

Several findings suggest these influences may differ among cortical layers and between 74 

inhibitory and excitatory neurons (Lakatos et al., 2016; O’Connell et al., 2014).  75 

Nevertheless, much remains unknown about the influence of modality-specific attention 76 

on stimulus encoding in sensory cortex. Importantly, potential interplay between ongoing activity 77 

and evoked responses, as well as their consequences for information and encoding efficiency, 78 

has not been examined. How these influences may be differentially expressed in cell 79 

subpopulations defined by cortical depth or inhibitory/excitatory cell type similarly remains 80 

unknown. Finally, the degree to which influences of modality-specific attention may generalize 81 

beyond training stimuli remains unknown. 82 

In the present study, we addressed these open questions by examining single neuron 83 

activity and sensory responses in mouse AC during an audiovisual attention shifting task. AC 84 

integrates ascending auditory information with diverse input from frontal, cingulate, striatal, and 85 

non-auditory sensory areas to rapidly alter sensory processing in response to changing 86 

behavioral demands (Budinger et al., 2008; Budinger and Scheich, 2009; Park et al., 2015; 87 

Rodgers and DeWeese, 2014; Winkowski et al., 2013). To isolate the influence of modality-88 

selective attentional modulation, we compared responses to identical compound auditory-visual 89 

stimuli within task, under different cued contexts requiring attention to the auditory or visual 90 

elements, thus holding constant other task-related variables such as arousal, attention, reward 91 

expectation, and motor activity (Saderi et al., 2021). Because spike rate and information 92 

changes are dissociable (Bigelow et al., 2019; Phillips and Hasenstaub, 2016), we quantified 93 

both evoked spike rates and the mutual information between responses and stimuli. We also 94 

examined the generality of modality-specific attention by examining responses to task-irrelevant 95 

sounds presented between trials. Finally, we used translaminar probes and spike waveform 96 



 

morphology classification to capture possible attention-related differences in neurons among 97 

cortical layers and between putative inhibitory and excitatory cell classes. 98 

Results  99 

Audiovisual rule-switching in mice. We trained mice to perform an AV rule-switching task, in 100 

which they made decisions using auditory stimuli while ignoring simultaneously presented visual 101 

stimuli or vice versa. Trial presentation was self-paced in a virtual foraging environment wherein 102 

a visual track was advanced by forward locomotion on a spherical treadmill (Figure 1.A). A 103 

task-irrelevant random double sweep (RDS) sound was presented during intertrial intervals 104 

(ITIs) for mapping auditory receptive fields in each attentional state (Figure 1.B). Decision 105 

stimuli were presented after variable track length, comprising 1-s auditory tone clouds (TCs; 106 

centered at 8 or 17 kHz) and/or visual drifting gratings (horizontal or vertical orientation; Figure 107 

1.C). One of the decision stimuli for each modality was a rewarded target (AR, VR) and the other 108 

an unrewarded distractor (AU, VU). Lick responses following targets (hits) and distractors (false 109 

alarms; FAs) produced water rewards and dark timeouts, respectively. Withholding licks for 110 

targets (misses) or distractors (correct rejects; CRs) advanced the next trial. Each session 111 

began with a block of unimodal decision stimuli, which cued the attended modality of a 112 

subsequent AV block (Figure 1.D). A second unimodal block from the other modality was then 113 

presented, cueing the rule for a final AV block. Decision stimuli had identical physical properties 114 

but different behavioral significance between rules (e.g., licks following ARVU were rewarded in 115 

A-rule but punished in V-rule). Targets and distractor stimuli remained constant throughout 116 

training for each mouse and were approximately counterbalanced across animals. Block 117 

sequences (A-rule then V-rule, or vice versa) were also counterbalanced across sessions 118 

(Figure 1.D.c). 119 

We used two approaches to ensure that animals were engaged during both task rules. 120 

First, we restricted analysis to sessions in which discrimination was well above chance (d’ >1.5) 121 

for both rules, and for which FA rates were below 0.5 for the stimuli with reward valences that 122 

conflicted across rules (AUVR in the A-rule, ARVU in the V-rule; Figure 1.F). Second, for a subset 123 

of sessions (n = 14 sessions, 5 mice) we measured pupil size, a well-established correlate of 124 

arousal and behavioral performance (Bradley et al., 2008; McGinley et al., 2015; Reimer et al., 125 

2014). We used a computer vision algorithm to automate measurement of pupil size (pupil 126 

diameter / eye diameter) for each frame acquired by a CCD video camera (Figure 2.A.a). To 127 

isolate pupil fluctuations reflecting general arousal, pupil size was measured during an inter-trial 128 



 

interval (ITI) window designed to avoid pupil responses to decision stimulus onset, dark 129 

timeouts, and decreased locomotion events following reward administration (Figure 2.A.b-c, 130 

Figure 2.B). Previous studies have reported that pupil size increases with task difficulty and 131 

engagement in humans, non-human primates and rodents (Hess and Polt, 1964; Kawaguchi et 132 

al., 2018; Schriver et al., 2018). We reasoned that comparison of pupil size across the rules 133 

would allow us to establish whether task demands differed between the rules. No difference in 134 

pupil size was observed between rules during bimodal blocks (Figure 2.C; A-rule bimodal: 0.29 135 

±0.05 norm. diameter ± SD, V-rule bimodal: 0.30 ± 0.05; Z = -1.0, p = 0.30, paired Wilcoxon 136 

signed rank [WSR], Benjamini-Hochberg false discovery rate [FDR]-adjusted p-values). As 137 

expected, pupil diameters were significantly larger during the bimodal portion of the task, when 138 

visual stimuli were present and the task had increased in difficulty, compared to the auditory-139 

only unimodal portion of the task (Figure 2 - figure supplement 1; A-rule unimodal: 0.28 ±0.04, 140 

A-rule bimodal: 0.29 ±0.05; Z = -2.6, p = 0.009). A trend toward smaller pupil size in the 141 

unimodal visual rule compared to bimodal rule was also noted, but the difference did not reach 142 

significance after multiple comparisons correction (V-rule unimodal: 0.29 ±0.04, V-rule bimodal: 143 

0.30 ±0.05; Z = -2.0, p = 0.062). Because pupil size also closely tracks locomotion (Figure 144 

2.A.b-c; McGinley et al., 2015), we examined locomotion speed during the same ITI window 145 

(Figure 2.D). Differences in locomotion speed were also not observed between rules (all p ≥ 146 

0.623; all |z| ≤ 1.29, paired WSR). Arousal and motor activity were thus comparable between 147 

rules, suggesting that differences in neuronal activity may be attributable to modality-selective 148 

attention.  149 

Single unit recording in AC. After mice learned the AV rule-switching task, a craniotomy was 150 

made over right AC, to allow for acute recordings during behavior using multichannel probes 151 

spanning the full cortical depth (Figure 3.A). In total, we recorded AC activity in 10 mice during 152 

23 behavioral sessions meeting inclusion criteria. The putative cortical depth of each sorted 153 

single unit (SU) was assigned by calculating the fractional position of the channel with the 154 

largest waveform amplitude within the span of channels in AC as estimated from spontaneous 155 

and tone-evoked recordings following the task (Figure 3.B). A separate set of experiments 156 

using probe track visualization with Di-I provided support for this depth estimation technique 157 

(Figure 3.C; (DiCarlo et al., 1996; Morrill and Hasenstaub, 2018). We then divided the fractional 158 

depth values into superficial, middle, and deep groups, approximating the supragranular, 159 

granular, and infragranular laminae. We further divided SUs into narrow-spiking (NS, putative 160 

inhibitory; n = 130, 18%) and broad-spiking (BS, predominantly excitatory; n = 612, 82%) 161 



 

populations based on trough-peak time (Figure 3.D; Bigelow et al., 2019; Cardin et al., 2007; 162 

Nandy et al., 2017; Phillips et al., 2017). 163 

Modality-selective attention modulates stimulus-evoked firing rates. Our analysis of SU 164 

activity during AV rule-switching focused on comparisons of responses to bimodal decision 165 

stimuli between rules, which reflected physically identical stimuli and comparable arousal and 166 

locomotion levels. Responses evoked by decision stimuli and modulatory effects of task rule 167 

were diverse (Figure 4.A). To capture a predominantly sensory-driven component of the 168 

response, we measured mean firing rates (FRs) during the first 300 ms post-stimulus onset 169 

(Figure 4.B), which preceded most lick responses (lick latency median: 611 ms; 5th-95th 170 

percentiles: 289-1078 ms; 5.4% of licks <300 ms, n = 2,852 total lick trials across dataset). 171 

Trials with licks earlier than 300 ms were excluded from analysis. We first compared A-rule and 172 

V-rule responses to the tone cloud rewarded in the A-rule (AR*: ARVR and ARVU responses 173 

combined). Averaging across units, responses in the deep layers were suppressed in the A-rule 174 

relative to the V-rule for both NS and BS units (Figure 4.C Deep. BS: p = 2.8e-4, Z = 4.1, 175 

median fold change [FC; A-rule/V-rule]: 0.89, n = 333 SUs; Deep NS: p = 0.011, Z = 2.9, med. 176 

FC: 0.87, n = 66; paired WSR, FDR-adjusted p-values; see Figure 4 - source data 1.A for full 177 

stats). No significant group-level change was found in middle or superficial units. Consistent 178 

with group level trends, individual units with significant FR decreases in the A-rule (p < 0.01, 179 

unpaired t-test) substantially outnumbered units with significant FR increases for all unit 180 

populations other than superficial and mid-depth BS units (Figure 4.C, right).  181 

A similar pattern of attention-related modulation was observed for unrewarded stimuli in 182 

the A-rule (AU*: AUVR and AUVU responses combined). At the group level, superficial and middle 183 

unit responses did not significantly differ between conditions, whereas deep BS units were 184 

significantly suppressed in the A-rule (Figure 4.D; Deep BS: p = 2.0e-06, Z = 5.11, med. FC: 185 

0.81, n = 321; paired WSR, FDR-adjusted p-values; see Figure 4 - source data 1.B for full 186 

stats). Relative fractions of units with significantly modulated FRs to AU* stimuli were similar to 187 

those described above for AR* stimuli (Figure 4.D, right), with the exception of the superficial 188 

group, in which slightly more units were significantly increased. We further found that most units 189 

showed the same direction of modulation for AR* and AU* stimuli (Figure 4.E), with similar 190 

modulation sign observed for 78% of BS units (50% suppressed for both AR* and AU*, 28% 191 

enhanced for both) and 99% of NS units (68% suppressed for both, 31% enhanced for both). 192 

These findings suggest that modality-selective attention similarly influences FRs evoked by 193 

task-relevant target and distractor sounds with different acoustic properties and learned 194 

behavioral values.  195 



 

To determine whether these attentional influences might generalize to task-irrelevant 196 

sounds, we examined responses to RDS sounds presented during the ITI. Using the same 197 

analysis window (300 ms post-stimulus onset, Figure 4.F), we found that attention-related 198 

modulation of FR responses evoked by task-irrelevant sounds was highly similar to that 199 

observed for both types of decision stimuli: middle- and deep-layer BS and NS populations 200 

exhibited group-level FR suppression during the A-rule (Figure 4.G), whereas superficial layer 201 

units were not significantly modulated (Mid. BS: p = 6.0e-3, Z = 3.1, med. FC: 0.85, n = 112; 202 

Mid. NS: p = 0.014, Z = 2.7, med. FC: 0.65, n = 28; Deep BS: p = 1.2e-6, Z = 5.2, med. FC: 203 

0.84, n = 309; Deep NS: p =0.021, Z = 2.5, med. FC: 0.80, n = 64; paired WSR; see Figure 4 - 204 

source data 2 for full stats). Significantly modulated unit counts were again highly biased 205 

towards suppression in the A-rule, with pronounced differences in the middle and deep unit 206 

groups (Figure 4.G, right). Together, these results show that auditory-selective attention tends 207 

to reduce FR responses to sounds, regardless of their behavioral relevance, valence, or 208 

spectral content, and that these influences are strongest for deep layer units.  209 

Modality-selective attention also modulates pre-stimulus firing rates. Previous studies 210 

have found that modulation of ongoing activity in sensory cortex can influence subsequent 211 

sensory-evoked responses (Arieli et al., 1996; Haider and McCormick, 2009). Thus, the 212 

response suppression during auditory attention reported above may either reflect specific 213 

decreases in stimulus responsivity or general decreases in ongoing activity. To address these 214 

possibilities, we quantified FRs in a pre-stimulus window spanning 300 ms prior to decision 215 

stimulus onset in which no sounds were presented (Figure 5.A.a). Although this window may 216 

include anticipatory modulation of activity (Cox et al., 2019; Egner et al., 2010; Samuelsen et al., 217 

2012), it nevertheless provides a measure of baseline activity for comparison with evoked 218 

responses. We observed significant group-level decreases in pre-stimulus FRs during the A-rule 219 

for units in the middle NS and deep BS groups, but no modulation of superficial units (Figure 220 

5.B; Mid. NS: p = 0.039, Z = 2.48, med. FC: 0.71, n = 28; Deep BS: p = 4.2e-05, Z = 4.49, med. 221 

FC: 0.87, n = 336; paired WSR, FDR-adjusted p-values; see Figure 5 - source data 1 for full 222 

stats). To test whether the reduction in pre-stimulus FR was sufficient to account for stimulus-223 

evoked changes reported above, we recalculated FRs evoked by decision stimuli as fold 224 

change from pre-stimulus FRs (Figure 5.A.b). Following this adjustment and after false 225 

discovery rate correction, the middle- and deep-layer unit population responses no longer 226 

differed between rules (Figure 5.C; Figure 5 - source data 2). Together, these results suggest 227 

that group level decreases in evoked FRs during A-rule are largely due to generalized 228 

suppression of ongoing AC activity. 229 



 

Attention-related suppression is driven by units without STRF tuning.  230 

We next sought to determine whether attention-related changes in stimulus response were 231 

related to the tuning preferences of units, a phenomenon termed “feature attention” previously 232 

observed in both monkey visual cortex (Maunsell and Treue, 2006; Treue and Martínez Trujillo, 233 

1999) and AC (Da Costa et al., 2013). The RDS mapping stimulus, which we have previously 234 

used to efficiently identify auditory response properties and audiovisual interactions (Bigelow et 235 

al., 2022), was used to generate spectrotemporal receptive fields (STRFs) through reverse 236 

correlation (Figure 6.A; Aertsen and Johannesma, 1981; de Boer, 1968; Gourévitch et al., 237 

2015). Tuning for each STRF was measured through a trial-to-trial reliability metric, which we 238 

used to divide units into those with activity changes that were reliably evoked by defined 239 

spectral or temporal features (tuned STRFs, n = 172; Figure 6.C.a) and those without feature-240 

evoked changes (untuned, n = 409; Figure 6.C.b). Spiking activity levels were higher in tuned 241 

units compared to untuned (Figure 6.D.a). To control for possible activity level-dependent 242 

effects, we compared our population of tuned units to a randomly selected subset of untuned 243 

units which was matched for both sample size and FR to the tuned population (Figure 6.D.b). 244 

We then compared attentional modulation of stimulus responses between the tuned and 245 

untuned groups. Responses to the rewarded TC (AR*), unrewarded TC (AU*) and the RDS 246 

mapping stimuli were significantly modulated by task rule in the untuned group, but not the 247 

tuned group (tuned: all p≥0.18, all |Z|≤1.72; untuned: all p≤0.023, all |Z|≥2.27; one-way WSR vs. 248 

modulation of 1 [equal across rules], FDR-adjusted p-values; Figure 6 - source data 1.C,D) 249 

Nevertheless, comparisons across these tuned and untuned groups showed that the 250 

distributions did not significantly differ after multiple comparisons correction (all p≥0.12, all 251 

|Z|≤2.06; WSR).  252 

An important caveat is that the RDS stimuli may not capture all units with some degree 253 

of tuning preference. As such, a conservative interpretation would be that group-level 254 

suppression during auditory attention is driven by units that do not exhibit strong tuning 255 

preferences. Additionally, both tuned and untuned populations contained units with significant 256 

evoked responses to the two TCs, although fractions of responsive units were higher in the 257 

tuned group (Figure 6.D.c). This shows that an absence of STRF tuning does not imply that 258 

units were not responsive to the task stimuli.    259 

 For the tuned group, does frequency preference determine degree of attentional 260 

modulation? We measured the best frequency (BF) of the excitatory field in each tuned STRF 261 

(Figure 6.F). Consistent with previous work showing that task demands shape frequency 262 

representation in AC (Atiani et al., 2009; Fritz et al., 2005, 2003; Yin et al., 2014), we found a 263 



 

strong BF preference for a 1-octave band around the center frequency of the rewarded TC 264 

(Figure 6.G). Furthermore, distributions of BFs measured during the A-rule and V-rule were 265 

strikingly similar. This suggests that in our task, AC had shifted its frequency representation in a 266 

manner that was not rule-dependent. To test whether modulation by rule was dependent on 267 

tuning, we next divided units by their BF, as measured from the A-rule STRF, into groups near 268 

center frequency of AR (± 0.5 octaves), near AU or with a BF outside of either band. No 269 

difference between the groups was observed for responses to AR or AU, although (Kruskal-270 

Wallis non-parametric ANOVA, all p>0.12, all H < 5.5, FDR-adjusted p-values; Figure 6 - 271 

source data 1.C,D), suggesting that frequency tuning does not determine suppression or 272 

enhancement by attention in this task.  273 

Attention to sound increases encoding efficiency in deep-layer BS units. Previous work 274 

has established that FR changes do not necessarily imply changes in the amount of information 275 

spikes carry about sensory stimuli. For instance, optogenetic activation of inhibitory interneurons 276 

can reduce FRs in AC without changing information, suggesting increased encoding efficiency 277 

(Phillips and Hasenstaub, 2016). By contrast, locomotion reduces both FRs and information in 278 

AC (Bigelow et al., 2019). To determine whether reduced FRs evoked by decision stimuli were 279 

accompanied by changes in information or encoding efficiency, we used a PSTH-based neural 280 

pattern decoder to compare sound discrimination across attentional states (Foffani and Moxon, 281 

2004; Hoglen et al., 2018; Malone et al., 2007). For each unit, the decoder generates a single-282 

trial test PSTH and then compares these to two or more template PSTHs from distinct stimulus 283 

response conditions, generated sans test trial (Figure 7.A). The test trial is assigned to the 284 

template that is closest in n-dimensional Euclidean space, reflecting n PSTH bins. This is 285 

repeated for all trials, generating new templates for each classifier run. After all trials have been 286 

classified, a confusion matrix is generated. From this, we calculated accuracy of classification, 287 

mutual information (MI; bits) and encoding efficiency, a spike-rate normalized MI (bits/spike). As 288 

in previous analyses, a 0-300ms post-stimulus onset window was used in this method to restrict 289 

decoding to a predominantly sensory-driven component of the response. The binwidth for 290 

generating PSTHs was 30 ms (Hoglen et al., 2018). Only trials with correct responses (hits and 291 

CRs) and units with a minimum stimulus response FR of 1 Hz to both stimuli used in the 292 

decoder comparison were included.  293 

 We found that task rule could be decoded at greater than chance levels from responses 294 

to all four AV stimuli, and at all depth and NS/BS groups, showing that attentional state 295 

modulates decision stimulus PSTH responses throughout AC (Figure 7 - figure supplement 1; 296 

Figure 7 - source data 1). These comparisons suggest response modulation by task rule, but 297 



 

do not address how information processing changes across the rules. To test this, we next used 298 

the decoder to compare accuracy in discriminating between responses to AR* (rewarded in A-299 

rule) and responses to AU* (unrewarded in A-rule) bimodal stimuli across A-rule and V-rule 300 

conditions. This mimics the tone cloud discrimination required by the mice during the A-rule. In 301 

both rules, classification accuracy for the auditory decision stimuli (AR*, AU*) was higher than 302 

chance for all depth and BS/NS groups (see scatter plots in Figure 7.B; all p≤1.4e-05, all 303 

|z|≥4.2, one-way WSR vs chance [50%]; see Figure 7 - source data 2.A for stats). Sound 304 

classification accuracy (AR*, AU*) did not significantly differ across the A-rule and V-rule (Figure 305 

7.B, AR* vs. AU* comparison across rules: all p≥0.17, all |z|≤1.39, see Figure 7 - source data 306 

3.A for full stats; paired WSR on decoder accuracy in A-rule vs. V-rule by depth and NS/BS 307 

groups). Despite a reduction in activity levels during auditory attention, there was no loss in 308 

decoder accuracy, suggesting a possible change in encoding efficiency.  309 

Through analysis of all decoder runs, we found that classifier accuracy and raw 310 

information were indeed correlated with FR (accuracy: r(3001) = 0.49, p = 2.3e-180; MI: r(3001) 311 

= 0.41, p = 1.5e-123; Pearson’s correlation, all AR* vs AU* decoder runs). Thus, normalizing 312 

information by mean joint per-trial spike rate for the two responses in each decode (bits/spike) 313 

provides insight into the efficiency with which spikes are used to represent stimuli. We found 314 

that this encoding efficiency measure increased by ~20% during the A-rule for deep-layer BS 315 

units (Figure 7.C, AR* vs. AU* comparison across rules: Deep BS: p = 2.9e-04, Z = -4.06, paired 316 

WSR, FDR-adjusted p-value; med. FC: 1.19 [fold change: A-rule/V-rule]; V-rule: 0.15 ± 0.13, A-317 

rule: 0.19 ± 0.19, mean bits/spk ± SDs, n = 233; all other groups p≥0.40, all |Z|≤1.47; see 318 

Figure 7 - source data 4.A for full stats). No other unit subpopulations showed significant 319 

changes. Note that for clarity, the above results are presented as the mean of decoder 320 

comparisons ARVR vs. AUVR and ARVU vs. AUVU, thus collapsing visual stimulus identity. Analysis 321 

of these comparisons separately yields highly similar results (Figure 7 - figure supplement 2; 322 

Figure 7 - source data 2, S9), suggesting that visual stimulus identity does not contribute 323 

substantially to decoder accuracy or encoding efficiency at the level of group analysis.  324 

Receptive fields mapped during the inter-trial interval also show increased stimulus 325 

encoding efficiency. The analyses above revealed that auditory attention increased the per-326 

spike encoding efficiency of task decision sounds. Does this effect of cross-modal attention 327 

switching generalize to encoding of sounds that were explicitly designed to be task-irrelevant? 328 

This helps determine whether attention observed here is specific to features of the auditory 329 

stream or broadly alters encoding of incoming auditory information. To address this, we tested 330 

whether information between STRFs derived from task-irrelevant ITI sounds and spiketrains 331 



 

was modulated by attentional demands of the task. We restricted our analyses to only those 332 

units with STRFs passing the reliability criterion shown in Figure 6.B. To calculate STRF-333 

spiketrain MI for each SU, we first calculated probability distributions of STRF-stimulus 334 

projection values for all stimulus time points (P(x)) and for those time points preceding a spike 335 

(P(x|spike); Figure 7.D). Intuitively, these projection values reflect the similarity between a 336 

windowed stimulus segment at a given timepoint and the STRF. The divergence of the two 337 

projection distributions is captured in a spike-rate normalized MI measure (bits/spk; encoding 338 

efficiency), which describes the reliability with which spikes are determined by stimulus features 339 

of the STRF (Figure 7.E). No differences in encoding efficiency between conditions were 340 

observed in the superficial or middle BS/NS groups, or the deep NS group. Instead, consistent 341 

with our earlier findings for decision stimuli, encoding efficiency showed a significant A-rule 342 

increase in the deep BS subpopulation (Figure 7.F; Deep BS: p = 0.014, Z = -3.05, med. FC: 343 

1.25, n = 50; paired WSR, FDR-adjusted p-value; fold change: A-rule/V-rule; mean bits/spk ± 344 

SDs; all other groups p≥0.24, all |Z|≤1.66; see Figure 7 - source data 5 for full stats). This 345 

finding shows that during auditory attention, stimulus encoding is better described by a linear 346 

STRF filter and thus better tracks physical sound features. Furthermore, it suggests that 347 

increased encoding efficiency resulting from decreased spiking is a general effect of auditory 348 

attention in deep layer BS units, regardless of the context-based behavioral relevance or 349 

learned valence of the sounds.  350 

Information encoding efficiency changes are driven by suppressed units. The increase in 351 

A-rule encoding efficiency and decrease in average FRs in deep AC led us to further explore the 352 

relationship between activity level and information changes. Specifically, we tested whether 353 

group-level information efficiency changes are driven by SUs with suppressed responses, and 354 

how the minority of units with increased A-rule FRs perform in the decoder. We therefore 355 

examined classifier accuracy and encoding efficiency for target and distractor (AR* vs AU*) 356 

decoding separately for deep-layer BS units with increased and decreased FRs in the A-rule 357 

(Figure 7 - figure supplement 3). We found that units with increased FRs (39%; n = 96) 358 

exhibited a significant increase in A-rule decoding accuracy (Figure 7 - figure supplement 3.C; 359 

p = 0.0030, Z = -2.97, med. FC: 1.04, V-rule % correct: 66.4 ± 15.5, A-rule: 69.5 ± 15.5, n = 96; 360 

paired WSR; fold change: A-rule/V-rule; mean ± SDs), but no significant change in encoding 361 

efficiency (p = 0.84, Z = 0.2, V-rule bits/spk: 0.18 ± 0.15, A-rule: 0.18 ± 0.16). By contrast, units 362 

with suppressed FRs (60%; n = 146) showed no significant change in decoding accuracy 363 

(Figure 7 - figure supplement 3.D; p = 0.44, Z = 0.77, V-rule: 67.32 +/- 15.25, A-rule: 66.53 +/- 364 

14.61), but a 44% increase in encoding efficiency (p = 1.8e-07, Z = -5.22, med. FC: 1.44, V-rule: 365 



 

0.13 +/- 0.12, A-rule: 0.18 +/- 0.19; paired WSR). These results suggest that the minority of 366 

units that increase FR in the A-rule perform marginally better at decoding the auditory stimulus, 367 

and that the units that decrease FR drive the shift in encoding efficiency.  368 

Attention-related firing rate changes predict correct task performance. To ensure that mice 369 

were adequately engaged and attentive in the task, the analyses described above excluded any 370 

trials in which the incorrect behavioral response was made. However, an examination of these 371 

error trials, which may correlate with lapses in attention, could provide insight into the moment-372 

to-moment behavioral relevance of the attentional effects described above. We have shown that 373 

attention to sound is marked by a net suppression of pre-stimulus and evoked FRs. We 374 

hypothesized that, if this attentional modulation is behaviorally meaningful, FRs preceding A-375 

rule error trials may be more similar to sound-unattended V-rule trials than to A-rule correct 376 

trials. We addressed this possibility by comparing pre-stimulus FRs in error versus correct trials 377 

(300 ms prior to stimulus onset; Figure 8.B). Because misses were uncommon (Figure 8.A), 378 

we restricted our analysis to the comparison of FA and CR trials to allow for adequate sampling 379 

of each trial outcome. We included only behavior sessions with at least 10 FA and CR trials (A-380 

rule and V-rule trials considered separately). This decreased unit sample sizes (n = 234, 58 381 

across all depth groups for BS, NS; min. group size = 9, 2 for BS, NS). Given the small sample 382 

of NS units and the likelihood of insufficient power, NS units were not included in this analysis. 383 

When considering BS units with increased FRs in the A-rule, we found no significant group-level 384 

difference between A-rule FA and CR trials at any cortical depth (Figure 8C; Figure 8 - source 385 

data 1.A for full stats; all p≥0.29, all |Z|≤1.43, paired WSR, FDR-adjusted p-values). However, 386 

deep cortical BS units with A-rule suppression showed significantly higher pre-stimulus FRs 387 

prior to A-rule FA trials than CR trials (Deep BS [n = 98]: mean FR difference between pre-stim 388 

FA and CR trials = 0.35 Hz, p = 0.0098, Z = -3.15; paired WSR; other depth groups: p≥0.28, 389 

|Z|≤1.48; all p-values FDR-adjusted). This is unlikely to reflect a motor effect of higher FR before 390 

a lick, as it was specific to the A-rule: pre-stimulus FRs in A-rule-suppressed or A-rule-enhanced 391 

units did not differ between FA and CR trials in the V-rule (Figure 8.C.c; Figure 8 - source 392 

data 1.B; paired WSR: all p≥0.68, all |z|≤1.59, FDR-adjusted p-values). Together, these findings 393 

suggest that FR reductions typical of modality-selective attention directly relate to behavioral 394 

outcomes. 395 

Discussion  396 

In the present study, we recorded SU activity across AC layers in mice performing an 397 

audiovisual rule-switching task. We compared responses evoked by identical stimuli under 398 



 

conditions of auditory or visual modality-selective attention. Attention to sound shifted AC 399 

stimulus representation by decreasing activity of untuned units and increasing encoding 400 

efficiency in the deep cortical laminae. Pre-stimulus activity was also reduced by auditory 401 

attention, which accounted for changes in stimulus-evoked responses. The effects of attention 402 

extended beyond the decision stimuli required to complete the task; responses to task-irrelevant 403 

receptive field mapping stimuli exhibited similar reductions in evoked activity and increases in 404 

encoding efficiency, suggesting that attention to sound induces a stimulus-general shift in 405 

processing. This attentional shift was behaviorally meaningful, with error trials in the A-rule 406 

predicted by higher firing rates in the set of units that is suppressed under auditory attention. 407 

Taken together, these results show that attending to sound results in a general suppression of 408 

ongoing activity in AC, while retaining activity critical for sensory representation.  409 

Attentional highlighting of behaviorally-relevant signals may employ multiple 410 

mechanisms, including response enhancement or noise suppression. Feature selective 411 

attention studies have shown that firing rates for neurons tuned to attended features are often 412 

increased, thereby increasing the reliability of the sensory cortical readout (Desimone and 413 

Duncan, 1995; Moran and Desimone, 1985; Reynolds and Chelazzi, 2004). Another mechanism 414 

which may act in tandem with response enhancement is the reduction of noise to improve 415 

encoding reliability. Noise reduction may act through decreased rates in pre-stimulus baseline 416 

activity (Buran et al., 2014), reduced variance in single neuron rates (Mitchell et al., 2007) or 417 

decreased correlations of noise across the population (Cohen and Maunsell, 2009; Downer et 418 

al., 2015). In the present study, we found no evidence for increased signal-to-noise ratio in the 419 

firing rate signal, as shown by the roughly equal stimulus response magnitudes across rules 420 

when normalizing for pre-stimulus rate. However, the timing of activity in AC is known to carry 421 

substantial information (Hoglen et al., 2018; Krishna and Semple, 2000; Malone et al., 2007), 422 

which would not be captured by coarse rate estimations. By accounting for fine scale temporal 423 

patterns with a PSTH-based pattern classifier and analysis of stimulus-STRF selectivity, we 424 

show that decreased ongoing activity and a concomitant increase in encoding efficiency at the 425 

group level provides an additional mechanism for attentional noise reduction, perhaps refining 426 

the stimulus-encoding portion of the neural signal for readout in downstream brain areas.    427 

Previous studies of behavioral state-dependent state changes in auditory processing 428 

have typically compared task-engaged and passive sound processing. While this paradigm 429 

does not specifically isolate the effects of attention due to confounds of arousal, attention, 430 

reward expectation, and motor activity (Saderi et al., 2021), it has provided valuable insight into 431 

the dependence of sensory processing on task-engaged behavioral states. Consistent with our 432 



 

findings, this work has shown that AC stimulus-evoked spiking responses are predominantly 433 

suppressed during self-initiated task engagement when compared to passive listening (Bagur et 434 

al., 2018; Carcea et al., 2017; Kuchibhotla et al., 2017; Otazu et al., 2009). Activity levels 435 

preceding a stimulus may also decrease (Buran et al., 2014; Carcea et al., 2017), although 436 

some studies in AC do not show this effect (Otazu et al., 2009). Reductions of pre-stimulus 437 

activity during task engagement have also been observed in rat gustatory cortex (Yoshida and 438 

Katz, 2011) and monkey visual cortex (Bisley and Goldberg, 2003; Cox et al., 2019; Herrington 439 

and Assad, 2010; Sato and Schall, 2001).  440 

Neuronal stimulus preferences relative to a target have been shown to determine the 441 

degree of attentional modulation, such that stimulus-evoked responses for attended features are 442 

generally enhanced but can also be suppressed for features outside of the receptive field 443 

(Reynolds and Chelazzi, 2004). Here, we find that frequency preferences of units with STRF 444 

tuning do not appear to determine suppression or enhancement within the task, but critically we 445 

also find that the bulk of units with STRF tuning exhibit a preference for frequencies near the 446 

rewarded TC (Figure 6G). This is consistent with a body of work from Shamma, Fritz and 447 

colleagues showing that engagement in an auditory discrimination task rapidly shifts AC 448 

receptive fields to enhance frequency representation of behaviorally-relevant stimuli (Atiani et 449 

al., 2009; Fritz et al., 2005, 2003; Yin et al., 2014). In our task, mice were trained for multiple 450 

months prior to physiological recordings, and the tone cloud frequencies of rewarded and 451 

unrewarded stimuli were held consistent for each animal. As such, spectral representation in the 452 

AC of our highly trained mice is biased toward task-relevant stimuli. Speculatively, it is possible 453 

that tuning-dependent attentional modulation may occur in earlier stages of task acquisition, but 454 

that the substantial reconfiguration of sound processing tailored to the task alters its expression 455 

after training. The distribution of preferred frequencies also does not shift between auditory and 456 

visual rules, suggesting that attending to visual stimuli does not place plasticity-inducing 457 

demands on AC frequency representation. Instead, we find that units without STRF tuning drive 458 

the reduction in neural activity during auditory attention. An important caveat is that our STRF-459 

based approach is only one way to determine AC tuning and other stimulus and analysis 460 

methods may reveal additional tuning preferences. Nevertheless, we believe that this method 461 

provides a useful classification for degree of tuning. This result is also consistent with our 462 

information theoretic analyses in that both suggest that attention to sound may selectively 463 

remove spikes that are minimally sound-driven.    464 

As in previous studies, attention-related modulation was not uniformly expressed across 465 

cortical depths and neuron types. Changes in both FR and encoding efficiency were most 466 



 

prominent in deep layer neurons. These findings extend several previous studies reporting 467 

larger effects of attention in infragranular LFP and multi-unit activity (O’Connell et al., 2014; 468 

Zempeltzi et al., 2020). These physiological outcomes are consistent with anatomical work 469 

suggesting top-down modulatory signals arrive primarily in the supragranular and infragranular 470 

layers (Felleman and Van Essen, 1991). As the main cortical output layer, information shifts in 471 

the infragranular population would differentially influence subcortical sites and other cortical 472 

regions (Salin and Bullier, 1995). One important caveat is that superficial AC is known to have 473 

lower spontaneous and evoked FRs than deeper cortex (e.g. Figure 4C; Christianson et al., 474 

2011; Sakata and Harris, 2009), which may have made it more difficult for us to observe 475 

statistically significant attention-related effects. Furthermore, although we tried to minimize 476 

neural tissue damage through technical considerations such as using a slow probe insertion 477 

speed (Fiáth et al., 2019), the superficial layers likely sustain the greatest level of damage when 478 

the probe is inserted to span the full cortical depth. Despite these factors, we were able to 479 

isolate a reasonably large sample size of responsive neurons in superficial cortex from 480 

successful behavior sessions (n = 119 units, of which 57% were stimulus-responsive). 481 

Nevertheless, we cannot rule out whether the absence of observed attentional modulation at 482 

superficial depths may have been due to experimental limitations such as the comparatively 483 

small sample size. Future work employing imaging techniques to target superficial neurons may 484 

help resolve this.  485 

Previous studies have reported larger effects of task engagement or attention in 486 

inhibitory interneurons (Kuchibhotla et al., 2017; Mitchell et al., 2007). As such, attention-related 487 

reduction of activity could be sustained by inhibitory network drive. Our approach of dividing 488 

activity into broad- and narrow-spiking does not suggest a general increase in NS activity during 489 

auditory attention. However, we observed heterogenous types of modulation; in many units, NS 490 

activity decreased during auditory attention, but in a smaller group, there was a significant 491 

increase. An important caveat is that the BS/NS distinction is an imperfect approximation of 492 

excitatory/inhibitory activity, with many inhibitory cell types presenting a BS waveform 493 

phenotype (e.g. somatostatin-positive interneurons [Li et al., 2015]). An alternative mechanism 494 

is that excitatory drive is decreased during auditory attention. These two proposed mechanisms 495 

– increased inhibitory tone and decreased excitatory drive - are not mutually exclusive.  496 

Our findings suggest that attentional selection is achieved by removal of a noise 497 

background on which sound stimulus-encoding activity sits. This is in line with an influential 498 

theory of cortical attention that posits that spontaneous activity fluctuations partly reflect internal 499 

processes such as mental imagery or memory recall, in contrast with activity that arises from 500 



 

external sensory stimulation (Harris and Thiele, 2011). In this model, attention suppresses 501 

internally-generated spontaneous activity to favor the processing of behaviorally-relevant 502 

external stimulation. The work presented here offers several pieces of evidence in favor of this 503 

theory. Auditory attention suppresses activity in untuned units, affecting both pre-stimulus and 504 

stimulus-evoked activity. This activity reduction does not alter stimulus-spike train decoding 505 

accuracy, but instead increases stimulus encoding efficiency and preserves stimulus 506 

representation. 507 

In summary, we demonstrate a novel connection between attention-induced shifts in 508 

activity levels and stimulus encoding in early sensory cortex, which are directly related to 509 

behavioral outcomes. Previous research suggests such outcomes reflect top-down control by 510 

executive networks comprising frontal, parietal, thalamic, and striatal areas (Cools et al., 2004; 511 

Crone et al., 2006; Licata et al., 2017; Rikhye et al., 2018; Rougier et al., 2005; Toth and Assad, 512 

2002; Wimmer et al., 2015). These networks may act as a context-dependent switch, routing 513 

attentional modulatory feedback to the sensory systems. In the present study, we provide 514 

evidence that such modulation specifically suppresses stimulus-irrelevant spiking, thus 515 

enhancing encoding efficiency in deep AC neurons.  516 

Methods 517 

Animals. All experiments were approved by the Institutional Animal Care and Use Committee at 518 

the University of California, San Francisco. Twenty-seven C57BL/6 background male mice were 519 

surgically implanted with a headpost and began behavioral training, of which 10 completed the 520 

training and successfully performed the task during physiology recording sessions. All mice 521 

began the experiment between ages P56 and P84. Mice used in this report expressed 522 

optogenetic effectors in various subsets of interneurons, which we intended to use for 523 

optogenetic identification of cells (Lima et al., 2009; analysis not included here). These mice 524 

were generated by crossing an interneuron subpopulation-specific Cre driver line (PV-Cre JAX 525 

Stock Nr. 012358; Sst-Cre: JAX Stock Nr. 013044) with either the Ai32 strain (JAX Stock Nr. 526 

012569), expressing Cre-dependent eYFP-tagged channelrhodopsin-2, or the Ai40 strain (JAX 527 

Stock Nr. 021188), expressing Cre-dependent eGFP-tagged archaerhodopsin-3. Of the 10 528 

behavior mice included in this report, 6 were Ai32/Sst-Cre, 3 were Ai32/PV-Cre and one was 529 

Ai40/Sst-Cre. In most experiments (n = 21 recordings), brief, low-level optogenetic pulses 530 

during the inter-trial interval of the task were used to identify opsin-expressing neurons (<0.3 531 

mW light; 5 light pulses of 10 ms duration, every ~1.5 min); these analyses are outside of the 532 



 

scope of this report. The optogenetic stimulation protocol was consistent through A- and V-rules 533 

of the task. Unit stimulus response FRs and behavioral response error rates were not 534 

statistically different between trials immediately after optogenetic pulses and stimulus-matched 535 

trials preceding the pulses.  536 

All mice were housed in groups of 2-5 for the duration of the behavioral training until the 537 

craniotomy. Post-craniotomy and during physiology recordings mice were housed singly (up to 6 538 

days) to protect the surgical site. Mice were kept in a 12 hr/12 hr reversed dark/light cycle. All 539 

training occurred during the dark period, when mice showed increased activity and behavioral 540 

task performance (Roedel et al., 2006). 541 

Audiovisual rule-switching behavior task. Adult mice (>P56) were trained on an audiovisual 542 

(AV) go/no-go rule-switching behavior task. In this task, mice were positioned on a floating 543 

spherical treadmill in front of a monitor and a speaker, and an optical computer mouse recorded 544 

treadmill movement. Mice licked to receive a reward depending on auditory, visual or AV 545 

stimulus presentation (“decision” stimuli, either “target” or “distractor”), but the modality 546 

predictive of the reward changed partway through the behavioral session. Each session would 547 

start with a unimodal go/no-go block, in which a series of auditory (AR, AU; 17kHz or 8 kHz tone 548 

clouds [TC]) or visual (VR, VU; upward or rightward moving gratings) stimuli was presented. After 549 

stimulus presentation, mice signaled choice by either licking a spout in front of the mouth or 550 

withholding licking. Licking at the target unimodal stimulus would trigger a water reward, while 551 

licking at the distractor would trigger a short dark timeout. After a fixed number of unimodal 552 

trials, the stimuli would become AV, but the rule for which stimulus predicted reward would carry 553 

over from the unimodal block. All four stimulus combinations (ARVR, ARVU, AUVR, AUVU) would be 554 

presented in the AV block, such that two AV combinations would be target stimuli and two would 555 

be distractor. Then, after completing a fixed number of trials in the AV block, the task using the 556 

rule of the opposite modality would begin; a unimodal block with the other modality would start, 557 

followed by a second AV block using the rule from the preceding unimodal block. For any 558 

mouse, the stimuli predictive of the reward in each rule was kept constant across days and 559 

training sessions (e.g., a 17 kHz TC would always predict a reward in the A-rule, and a 560 

rightward grating would always predict a reward in the V-rule). In most cases, blocks proceed 561 

without interruption, although in some cases, the task is paused and resumed momentarily if the 562 

mouse fails to correctly transition between rules.  563 



 

The task was self-paced using a virtual foraging approach, in which mouse locomotion 564 

(measured through treadmill rotation) would cause a track of randomly placed dots on the 565 

screen to move down. After a randomly varied virtual distance, a decision stimulus would be 566 

presented, at which point the mouse would lick or withhold licking to signal choice. For receptive 567 

field mapping during physiology experiments, a random double-sweep (RDS) stimulus was 568 

presented in between decision stimuli, during the inter-trial track portion. Stimuli are detailed 569 

below. 570 

Behavior training and apparatus. Prior to any training, mice were surgically implanted with a 571 

stainless steel headplate, used both for head fixation during the task, and for physiology 572 

recordings after the task was learned (methods described below). Three days post-implant, 573 

mice began a water restriction protocol based on previously published guidelines (Guo et al., 574 

2014). Throughout the course of training, mice received a minimum water amount of 25 575 

mL/kg/day, based on weight at time of surgical implant. After recovery from surgery, mice were 576 

given ~7 days to adjust to water restriction. Then, mice were head fixed and habituated to the 577 

floating treadmill for 15-30 min daily sessions with no stimulus presentation for 2-3 days. After 578 

mice appeared comfortable on the treadmill, a phased behavioral task training regimen began. 579 

Mice were trained once daily for ~6 days per week. On day 1, mice were introduced to an 580 

auditory-only (A-only) stimulus training version of the task in which AR (“target”/“rewarded”) or 581 

AU (“distractor”/“unrewarded”) stimuli were presented, and a reward would be automatically 582 

administered shortly after the onset of AR. Next, the mice were put on an operant version of the 583 

A-only task, which required licking any time after the onset of AR to receive a reward and 584 

withholding of licking during AU to avoid a dark timeout punishment. Mice achieved proficiency, 585 

defined as two or more consecutive days of sensitivity index d’ > 1.5 (see Data analysis for 586 

calculation), on the A-only task after 11.0 ± 4.7 d after start of training (median ± SD, n = 10 587 

successful mice). Then, a similar training structure was repeated for the visual task: V-only 588 

stimulus training with automatic rewards for VR, but not VU, followed by an operant version of the 589 

visual task requiring licks for rewards (median time to proficiency: 26.0 ± 7.2 d after start). After 590 

learning the tasks for each modality separately, mice were introduced to an auditory-AV (A-AV) 591 

version, in which the rule from the auditory stimulus carried over to the AV block. This was 592 

intermixed with training days on a visual-AV (V-AV) version of the task. Number of training days 593 

on A-AV or V-AV were decided based on prior performance, with extra training given as 594 

needed. Mice were considered proficient at this stage after performing with d’>1.5 on each rule 595 

(A-AV; V-AV) on two consecutive days (median time to proficiency: 40.0 ± 15.8 d after start). 596 



 

Finally, the full rule-switching task was introduced (Figure 1.D), generally alternating between 597 

days of V-rule-first and the A-rule-first task sequences but allocating more training days to task 598 

orders as needed. Because physiology recordings were acute and strictly limited to 6 days after 599 

craniotomy, we set a greater threshold for expert-level performance on the full task before 600 

advancing to physiology: three consecutive days of d’>2.5 (median time to expertise: 90.5 ± 601 

31.8 d). Care was taken to train each mouse at a roughly consistent time of day (no more than 602 

~1-2 hrs day-to-day variation). During expert-level task performance, mice typically completed 603 

260-300 trials in a daily session (30 A-only; 100 to 120 A-AV; 30 V-only; 100 to 120 V-AV). 604 

The behavior training setup was controlled by two computers: a behavior monitoring and 605 

reward control PC (OptiPlex 7040 MT, Dell) and a dedicated stimulus presentation machine 606 

running Mac OS X (Mac Mini, Apple). Stimulus presentation was controlled with MATLAB using 607 

custom software (Morrill et al 2022), and inter-machine communication used the ZeroMQ 608 

protocol. Auditory and visual stimuli were generated and presented using the Psychophysics 609 

Toolbox Version 3 (Kleiner et al., 2007). Water rewards were administered using a 610 

programmable syringe pump (NE-500, New Era Pump Systems, Farmingdale, NY), positioned 611 

outside of the sound-attenuating recording chamber. Early in training, water reward volume was 612 

set at 0.01 mL per correct response, but over training the reward volume was gradually 613 

decreased to 0.006 mL to achieve greater trial counts. Licking events were recorded using a 614 

custom photobeam-based lickometer circuit based on plans provided by Evan Remington 615 

(Xiaoqin Wang Lab, Johns Hopkins University). Licks were registered when an IR photobeam 616 

positioned in front of the lick tube was broken, queried at a sample rate of 100 Hz by an Arduino 617 

Uno microcontroller (Arduino, LLC). 618 

In vivo awake recordings during behavior. Animals in this experiment underwent two 619 

surgeries: first, before training a surgery to implant a custom steel headplate over the temporal 620 

skull using dental cement was conducted. The animal was anesthetized using isoflurane and a 621 

headplate was positioned over AC, ~2.5 mm posterior to bregma and under the squamosal 622 

ridge, to allow for physiology recordings after achieving task expertise. When mice completed 623 

the training regimen outlined above, a craniotomy surgery was performed. The animal was 624 

again anesthetized using isoflurane and an elliptical opening (0.75 mm wide x 1.5 mm long) was 625 

made in the skull over AC using a dental drill. This opening was promptly covered with silicone 626 

elastomer (Kwik-Cast, World Precision Instruments), and the animal was allowed to recover 627 

overnight. The following day, the animal was affixed by its headplate over the treadmill inside of 628 

a sound-attenuating recording chamber, the silicone plug over the craniotomy was removed and 629 



 

the craniotomy was flushed with saline. A silver-chloride ground wire was placed into the 630 

craniotomy well at a safe distance from the exposed brain. A 64-channel linear probe (20 µm 631 

site spacing; Cambridge Neurotech, Cambridge, UK) was slowly inserted in the brain using a 632 

motorized microdrive (FHC, Bowdoin, ME) at an approximate rate of ~1 μm / s (Fiáth et al., 633 

2019). After reaching the desired depth, the brain was allowed to settle for 10 min, after which 634 

the water spout, lickometer, visual stimulus delivery monitor and speaker were positioned in 635 

front of the mouse, and the behavior session commenced. Behavior sessions were sometimes 636 

stopped early and restarted due to poor performance. In approximately half of behavior-637 

physiology sessions (13 of 23 successful recordings), the task was stopped due to low 638 

performance after the rule transition and restarted at the beginning (unimodal block) of the 639 

second rule. To control for possible effects of task order, attempts were made to counterbalance 640 

recordings from A-rule first (15) and V-rule first (8) behavior sessions.  641 

After completion of the behavior task, the water spout and lickometer were removed, and a 642 

series of auditory and/or visual passive experiments were conducted in order to characterize the 643 

response properties of the recording site. All stimuli were presented with the auditory and visual 644 

stimulation apparatus described above. Following completion of these experiments, the probe 645 

was slowly removed, and the brain was covered with a thin layer of freshly mixed 2.5% agarose 646 

in saline, followed by a layer of silicone elastomer. The animal was returned to its home cage, 647 

and the following day the physiological recording process was repeated. Recordings were made 648 

for up to 6 days after the craniotomy. The neural signal acquisition system consisted of an Intan 649 

RHD2000 recording board and an RHD2164 amplifier (Intan Technologies), sampling at 30 kHz.  650 

Auditory and visual stimuli. In-task auditory decision stimuli were 1 s TCs, consisting of 50 ms 651 

tone pips overlapping by 25 ms, with frequencies in a 1 octave band around either 17 kHz or 8 652 

kHz. TCs were frozen for the duration of the task, so that each mouse always heard the same 653 

pip sequences, allowing for direct comparisons of sound-evoked neural responses across rules 654 

without concern that stimulus peculiarities may be driving observed differences. TCs were 655 

presented at 60 dB SPL. Visual decision stimuli consisted of a circular moving grating stimulus 656 

(33° diameter subtended visual space), which appeared at the center of the screen for 1 s 657 

(coincident with TC stimulus during bimodal presentation). Gratings moved either upward or 658 

rightward with a 4 Hz temporal frequency, 0.09 cycles/degree spatial frequency at 50% contrast. 659 

In between decision stimulus presentations, a random double-sweep (RDS) stimulus was 660 

presented for receptive field mapping (Bigelow et al., 2022; Gourévitch et al., 2015). The RDS 661 

comprised two uncorrelated random sweeps that varied continuously and smoothly between 4 662 



 

and 64 kHz, with a maximum sweep modulation frequency of 20 Hz. RDS stimuli were 663 

presented at 50 dB SPL.   664 

     After the behavior task, passive auditory search stimuli (pure tones, click trains) were 665 

presented to characterize response properties of the electrode channel. Click trains consisted of 666 

broadband 5 ms white noise pulses, presented at 20 Hz for 500 ms duration. Pure tone stimuli 667 

consisted of 100 ms tones of varied frequencies (4 – 64 kHz, 0.2 octave spacing) and sound 668 

attenuation levels (30 – 60 dB in 5 dB linear steps), with an interstimulus interval of 500 ms. 669 

Auditory stimuli were presented from a free-field electrostatic speaker (ES1, Tucker-670 

Davis Technologies) driven by an external soundcard (Quad-Capture or Octa-Capture, Roland) 671 

sampling at 192 kHz. Sound levels were calibrated using a Brüel & Kjær model 2209 meter and 672 

a model 4939 microphone. Visual stimuli were presented on a 19-inch LCD monitor with a 60Hz 673 

refresh rate (Asus VW199), positioned 25 cm in front of the mouse and centered horizontally 674 

and vertically on the eyes of the mouse. Monitor luminance was calibrated to 25 cd/m2 for a gray 675 

screen, measured at approximate eye level for the mouse.  676 

Data analysis. Behavioral performance. Task performance was evaluated by calculation of the 677 

d’ sensitivity index: 678 

 679 

where H is hit rate and F is false alarm rate, and Z is the inverse normal transform. Because this 680 

transform is undefined for values of 0 or 1 and hit rates of 1 commonly occurred in this study, 681 

we employed the log-linear transformation, a standard method for correction of extreme 682 

proportions, for all calculations of d’ (Hautus, 1995). In this correction, a value of 0.5 is added to 683 

all elements of the 2 x 2 contingency table that defines performance such that: 684 

 685 

 686 

where FA is the false alarm count and CR is the correct reject count. To ensure that mice 687 

properly transitioned between task rules, d’ values were calculated separately for responses in 688 

the A-rule and the V-rule. Behavioral sessions during physiological recording with d’ < 1.5 in 689 

either rule were excluded from analyses, as were any sessions with a false alarm rate > 0.5 to 690 



 

stimuli with conflicting reward valances across rules: AUVR in A-rule or ARVU in V-rule (n = 23 691 

successful sessions, n = 10 mice; 1 session excluded due to recording artifact, see below).   692 

Spike sorting and unit stability evaluation. Spikes were assigned to unit clusters using KiloSort2 693 

(KS2; Pachitariu et al., 2016). Clusters were first evaluated for isolation quality through the 694 

automated KS2 unit classification algorithm and then with a custom MATLAB interface. In this 695 

second step, clusters with non-neuronal waveforms or 2 ms refractory period violations >0.5% 696 

were removed from analysis (Laboy-Juárez et al., 2019; Sukiban et al., 2019). To evaluate 697 

stability, activity for each unit was plotted for the recording duration as a raster and binned spike 698 

counts (2 min bins) and manually examined for periods with a substantial drop off in FR (periods 699 

flagged for instability: 88 ± 10 % [mean ± SD] decrease in FR from median activity level). 700 

Flagged unstable periods were marked and removed from analysis (101/ 742 SUs with flagged 701 

durations >10% of recording time). One session meeting behavior performance criteria was 702 

excluded due to a high degree of electrical noise contamination.  703 

Classification of units by depth and waveform shape. Probes with electrode spans of 1260 µm 704 

were used, allowing for channels below and above AC. During recording, the probe was 705 

lowered to a point where several channels showed a prominent drop in field potential amplitude 706 

and spiking activity, indicating penetration into the white matter (Land et al., 2013). After 707 

behavior sessions, a set of auditory and visual stimulation protocols was used to map response 708 

properties of each electrode site, and multi-unit activity (MUA) responses were analyzed. Here, 709 

we define MUA as threshold crossings of 4.5 SD above a moving window threshold applied to 710 

each channel. Analysis of MUA was restricted to site characterization and is not included in the 711 

main results. We analyzed each tone or click PSTH for reliable responses, which we defined as 712 

trial-to-trial similarity of p<0.01 (Escabí et al., 2014). We designated the deepest channel with a 713 

reliable MUA sound response of any magnitude as the deep cortex-white matter border. Limited 714 

somatic spiking in the top layer of cortex prevented the use of MUA as a reliable marker for the 715 

superficial cortex-pia border (Senzai et al., 2019), so we instead relied on a LFP-based 716 

measure. To define the top border of cortex, the maximum spontaneous LFP (1-300 Hz) 717 

amplitude of a 10 s snippet from each channel was plotted, and the channel at which LFP 718 

amplitude dropped off to the approximate probe-wise noise floor (i.e., minimum LFP amplitude) 719 

was considered the top channel in cortex (Figure 3.B.c). These measures were confirmed 720 

histologically through Di-I probe marking experiments with a separate group of untrained mice; 721 

histology methods described below and elsewhere (Morrill and Hasenstaub, 2018). Marking the 722 

top and bottom cortical borders generated a span of channels putatively within AC. This span 723 



 

was used to divide channels into superficial, middle, and deep groups, based on measurements 724 

of the fraction of cortex attributed to supragranular (layers 1-3), granular (layer 4) and 725 

infragranular (layers 5-6) in the mouse AC (Allen Institute Mouse Brain Atlas; 726 

https://mouse.brain-map.org/). SUs were assigned the fractional depth of the channel on which 727 

the largest magnitude waveform was recorded. 728 

Clusters were also classified into broad-spiking (BS; putatively excitatory) and narrow-spiking 729 

(NS; putatively fast-spiking inhibitory) units on the basis of the bimodal distribution of waveform 730 

peak-trough durations (Figure 3.D; NS/BS transition boundary = 0.6 ms). From sessions with 731 

successful behavior, we recorded 742 SUs from all cortical depths, comprising 17.5% (130) NS 732 

units and 82.5% (612) BS units.  733 

Firing rate analysis and trial filters. To compare FR responses to stimuli across task rules and to 734 

the receptive field mapping stimulus, we measured FR in the first 300 ms post-stimulus onset. 735 

Only units with nonzero FRs in both rules were included. To ensure that measurements were 736 

capturing periods of task engagement, all trials with incorrect responses (misses and FAs) were 737 

excluded from all decision-stimulus analyses, with the exception of those shown in Figure 8. 738 

We also excluded trials with recorded licks earlier than the 300 ms post-stimulus onset, or in the 739 

500 ms pre-stimulus onset. Given these filters, analyses were restricted to units present in the 740 

recording during at least 10 trials (correct behavioral choice and without “early licks”) for each 741 

stimulus type. 742 

PSTH-based Euclidean distance decoding. A peristimulus time histogram (PSTH)-based 743 

decoder was used to compute the mutual information between spike trains and stimulus identity 744 

(Figure 7.A; (Foffani and Moxon, 2004; Hoglen et al., 2018; Malone et al., 2007). In this 745 

method, two or more responses are compared by generating template PSTHs by removing one 746 

test trial. This test trial response is also binned into a single-trial PSTH, and then classified as 747 

belonging to the nearest template in n-dimensional Euclidean space, where n is the number of 748 

PSTH bins. More formally, the nearest template is that which minimizes the Euclidean norm 749 

between test and template vectors (PSTHs). This process is then repeated for all trials 750 

comprising the template PSTHs. Decoding accuracy is the percentage of trial responses that 751 

are correctly assigned to the stimuli that elicited them. Mutual information (MI) is calculated from 752 

a confusion matrix of classifications as follows:  753 



 

 754 

where X is the decoder prediction, Y is the actual, P(XiYj) represents the value of the (i, j) 755 

element of the confusion matrix, and P(Xi) and P(Yj) are sums on the marginals. This yields a 756 

value of mutual information in bits. To measure encoding efficiency (bits per spike), we 757 

normalized mutual information by the joint mean spikes per trial of the responses submitted to 758 

the decoder (Bigelow et al., 2019; Buracas et al., 1998; Zador, 1998). 759 

For consistency with FR analyses, a time window of 0 to 300 ms, where stimulus onset is 0, was 760 

chosen for decoding analysis. A PSTH binwidth of 30 ms was chosen based on optimal binwidth 761 

calculations for mouse AC using the same decoding method (Hoglen et al., 2018). To filter out 762 

units with low responsiveness to any of the stimuli in a given decoding analysis, we required a 763 

minimum FR of 1 Hz during the 0-300 ms window in both stimulus conditions. As such, unit sets 764 

may differ between each decoding analysis due to units that were responsive to one set of 765 

stimuli but unresponsive to others. 766 

Spectrotemporal receptive field (STRF) analysis. To test whether task rule modulates auditory 767 

receptive fields, we presented a random-double sweep stimulus (RDS, described in Auditory 768 

and visual stimuli) in between trials for durations of ~1 to 15 s, depending on rate of task 769 

progression. Different randomly generated RDS segments were presented in each inter-trial 770 

interval, and STRFs were generated separately for each rule. Because total RDS duration 771 

varied between the A-rule and the V-rule in a single session, we equated presentation time 772 

across rules by truncating the segments of the rule with greater RDS time (presentation time in 773 

each rule: 6.8 ± 2.6 min [mean ± SD]; n = 23 sessions). This ensured that different stimulus 774 

presentation times did not bias STRF estimation. The first 200 ms of RDS response was 775 

dropped from all STRF analyses to minimize bias from strong onset transients. SU activity 776 

during these short RDS segments was used to generate STRFs for each segment using 777 

standard reverse correlation techniques (Aertsen and Johannesma, 1981; de Boer, 1968; 778 

Gourévitch et al., 2015). In brief, the spike-triggered average (STA) was calculated by summing 779 

all stimulus segments that preceded spikes using a window of 200 ms before and 50 ms after 780 

each spike. The choice of 200 ms prior to each spike reflects the upper limit of temporal 781 

integration times of auditory cortical neurons (Atencio and Schreiner, 2013), and the 50 ms 782 

post-spike time was included to estimate acausal values, i.e., those that would be expected by 783 

chance given the stimulus and spike train statistics (Gourévitch et al., 2015). STRFs were 784 



 

transformed into units of FR (Hz) using standard methods discussed elsewhere (Rutkowski et 785 

al., 2002). Units with poorly-defined STRFs were filtered out using a trial-to-trial correlation 786 

metric (Escabí et al., 2014): STRF segments were randomly divided into two halves, re-787 

averaged separately, and a correlation value was calculated for the two STRFs. This process 788 

was then repeated 1000 times, and the mean of correlations defined the reliability value for 789 

each STRF. We compared the mean observed STRF reliability to a null distribution of 790 

reliabilities, generated by repeating the procedure on null STRFs made from circularly-shuffled 791 

spike trains (preserving spike count and interspike interval but breaking the timing relationship 792 

between spikes and stimulus). A p-value was calculated as the fraction of the null STRF 793 

reliabilities greater than the mean observed STRF reliability, and STRFs with p<0.05 in either 794 

rule were included in subsequent analyses. Any STRFs from units with greater than 10% of 795 

recording duration marked as unstable were removed from analysis.  796 

Mutual information between a spiketrain and a STRF was measured as the divergence of two 797 

distributions: one reflecting the similarity of the windowed stimulus segments (RDS) preceding a 798 

spike and the STRF, and the other reflecting the similarity of all possible windowed stimulus 799 

segments and the STRF, regardless of whether a spike occurred (Figure 7.D; (Atencio et al., 800 

2008; Atencio and Schreiner, 2012; Escabı́ and Schreiner, 2002). Stimulus-STRF similarity was 801 

defined as the inner product of the STRF and the stimulus segment of equivalent dimensions, 802 

with higher values reflecting closer matches between the STRF and stimulus. The distribution 803 

P(z|spike) was generated from , where s represents all RDS stimulus segments 804 

that preceded a spike. Then the distribution P(z) was made from similarity calculations of all 805 

possible windowed RDS segments and the STRF. The mean 𝜇 and the standard deviation (SD) 806 𝜎 of P(z) were calculated, and the distributions were transformed into units of SD: 807 

, yielding distributions of P(x|spike) and P(x) expressed in units of SD. 808 

Using the distributions described above, a spike count-normalized measure of mutual 809 

information between the calculated STRF and the spike train can be calculated as:  810 

 811 

We used this value to compare how well STRFs from A-rule and V-rule ITIs predict a spiketrain, 812 

and thus whether activity in each attentional condition is well described by this canonical filter 813 

model.  814 



 

Statistics. All statistical calculations were performed in MATLAB r2019a and its Statistics and 815 

Machine Learning Toolbox, V11.5. For group comparisons of SU responses across task rules, 816 

paired Wilcoxon signed-rank (WSR) tests were used, unless otherwise noted. Because tests 817 

were performed separately on each depth and spike waveform subpopulation, the Benjamini-818 

Hochberg false discovery rate (FDR) procedure was used to correct for multiple comparisons, 819 

typically across n = 6 comparisons (3 depth groups, 2 spike waveform groups; Benjamini and 820 

Hochberg, 1995). This method relies on controlling the Type I error rate (here, q = 0.05), 821 

providing increased power over typical family-wise error rate controls. To determine if individual 822 

SUs were significantly modulated by rule, an unpaired Student’s t-test on FR was used with a 823 

threshold of p<0.01. Descriptive statistics reported in text are mean ± standard deviation (SD), 824 

unless otherwise noted. Fractional change values between task rules are reported as the 825 

median of the A-rule/V-rule. All other statistical tests are described in Results. Sample sizes (n) 826 

are indicated for each comparison in Results or Supplemental tables.  827 

Histological verification of depth measurement. To test the accuracy of our depth estimation 828 

method based on physiological responses (Figure 3), we presented the pure tone search 829 

stimuli described above to a separate set of untrained control mice while performing 830 

extracellular recordings (n = 11 recordings from 4 mice; Ai32/Sst-Cre). Before insertion, the 831 

probe was painted with the fluorescent lipophilic dye Di-I (DiCarlo et al., 1996; Morrill and 832 

Hasenstaub, 2018). The depth measurement procedure based on physiological signals was 833 

carried out as described above, and then probe tracks from each recording were visualized as 834 

described previously (Morrill and Hasenstaub, 2018). Briefly, after recordings, the animal was 835 

euthanized, and the brain was removed and placed into a solution of 4% PFA in PBS (0.1 m, pH 836 

7.4) for 12 h, followed by 30% sucrose in PBS solution for several days. The brain was then 837 

frozen and sliced using a sliding microtome (SM2000R, Leica Biosystems) and slices were 838 

imaged with a fluorescence microscope (BZ-X810, Keyence). Di-I probe markings showing 839 

cortical depth were consistent with physiological activity-based depth measurements described 840 

above (Figure 3.B-C).   841 
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 875 
Figure 1. Audiovisual rule-switching in mice.  876 



 

A. Virtual foraging environment: a head-fixed mouse runs on a floating spherical treadmill. Locomotion 877 
measured by treadmill movement controls auditory and visual stimulus presentation. A water spout in 878 
front of the mouse provides rewards. A lickometer records licking, which determines reward or 879 
punishment.  880 
B. Trial sequence: during inter-trial intervals, a track of moving dots provides visual feedback for task 881 
progression while a random double sweep (RDS) auditory mapping stimulus is presented. Decision 882 
stimuli, either unimodal (auditory, A; visual, V) or bimodal (AV), are presented for 1 s. Choice window 883 
begins at decision stimulus onset, but trials with early licks (<0.3 s post-stimulus onset) are removed from 884 
subsequent analysis.  885 
C. Decision stimuli comprised tone-clouds (TC; 8 or 17 kHz-centered) or drifting gratings (horizontal or 886 
vertical orientation). Each mouse is trained to lick for one auditory stimulus and one visual stimulus. 887 
Target/distractor stimulus identities were counterbalanced across mice for A- and V-rules.  888 
D. Task sequences, attention cueing and reward contingencies. a-b. Behavioral sessions begin with a 889 
unimodal block, which cue the rule for the subsequent AV block. Water drops represent target stimuli, 890 
when mice have an opportunity for reward. c. Each session reflected one of two possible task sequences. 891 
d. Stimulus codes, for reference. e. Contingencies for water reward, time-out punishment, or task 892 
continuation.  893 
E. Example behavior session. a. Hit rate (HR) and false alarm rate (FAR) across task blocks; trials and 894 
outcomes indicated by colored background bars. Mouse locomotion is shown below. b. Stimulus-onset 895 
aligned lick rasters for example session, organized by rule and target/distractor. Note that errors are 896 
typically false alarms on trials with ‘conflict’ stimuli: AUVR in A-rule or ARVU in V-rule.  897 
F. Performance for all sessions included in subsequent physiology analysis.  a. HR and FAR for all 898 
sessions organized by rule block; dashed lines indicate means. b. Performance metrics, showing dual 899 
inclusion filters: 1. sensitivity index d’ performance index >1.5 for both A-rule and V-rule and 2. 900 
FARconf.<0.5 on conflict stimuli, as a critical test of modality-selective attention. c. d’ is similar across task 901 
rules in unimodal and AV segments. 902 

903 



 

 904 
Figure 2. Similar levels of arousal and movement during auditory and visual attention. 905 
A. Pupil size measurement. a. Left eye pupil recorded via CCD camera during the task. Pupil 906 
circumference (light blue) is tracked using automated video analysis; size is measured as pupil diameter 907 
over visible eye diameter. b. Example pupil video recorded during visual rule. Upper: annotated sample 908 
frames from times indicated by blue dashed lines. Lower: pupil width (green) and locomotion (gray) 909 
traces, with target stimuli and time out punishments indicated. Large fluctuations of pupil size occur 910 
during timeouts due to drop in light level (hashed gray background). c. Auditory rule from the same 911 
session.  912 
B. Pupil size is measured during an inter-trial interval (ITI) window selected to capture engagement and 913 
arousal levels during each block and minimize influence from trial-related events such as rewards and 914 
timeouts. a. Pupil size decreases during hit trials due to reward administration. Correct reject trials (CRs; 915 
bottom) show no such decrease in running speed. b. Pupil size increases during timeout punishment 916 
when the recording chamber goes dark; ITI pupil size analysis window removes punishment-related 917 
fluctuations from analysis.  918 
C. Pupil size is similar across V-rule bimodal and A-rule bimodal segments (pupillometry recorded in n = 919 
14 sessions, 5 mice), suggesting similar levels of arousal and task engagement across rules.  920 
D. Min-max-normalized locomotion is also similar across rules.  921 



 

 922 
Figure 3. Single unit recording and depth estimation in auditory cortex. 923 
A. Translaminar probes were used to record activity in right AC.  924 
B. Physiological estimation of cortical depth. a. Linear 64-channel probe captures all activity in layers of 925 
AC. b. Example tone-evoked multi-unit (MU) sound responses by channel, providing a marker for the 926 
border of deep cortex and white matter (WM). Left: PSTH plots showing mean tone response by time. 927 
Right: frequency response area (FRA) shows mean response during tone stimulus by 928 
frequency/attenuation. MU responses poorly estimate the upper cortical boundary due to low somatic 929 
spiking activity in the superficial cortex. c. Local field potential (LFP; 1-300 Hz filtered) provides a marker 930 
for the upper cortex-pia boundary. Left: 10 s snippet of LFP by channel. Right: maximum LFP amplitude 931 
by channel,with putative pia location defined as the first deviation from probe-wise minimum LFP 932 
amplitude. d. Channels are assigned cortical depths based on fractional division of cortex into 933 
‘superficial’, ‘middle’, and ‘deep’, with fractions based on supragranular, granular and infragranular 934 
anatomical divisions.  935 
C. Histological confirmation of cortical depth estimation technique. a. Coronal slice showing DI-I probe 936 
track (red) in right AC. Green: eYFP fluorescence from Ai32/Sst-Cre mouse strain. Blue: DAPI stain to 937 
visualize cell bodies. b. Zoomed area indicated by dashed rectangle in a. c. Probe overlay and WM/pia 938 
boundaries. Yellow arrows indicate locations of physiologically-determined cortical span from B., showing 939 
close correspondence with Di-I probe track.  940 
D. Sorted SU waveforms were divided into narrow-spiking (putative fast-spiking inhibitory) and broad-941 
spiking (putative excitatory) based on a waveform trough-peak time boundary of 0.6 ms.  942 



 

 943 
Figure 4. Net suppression of sound-evoked firing rates during auditory attention.  944 
A. Example SU responses to physically identical AV stimuli across task rules  (AR* =  ARVR and ARVU 945 
collapsed; AU* =  AUVU and AUVR collapsed;). a. Preference for AR* tone-cloud, suppressed in A-rule 946 
relative to V-rule. b. Preference for AU*tone cloud, suppressed in A-rule. c. Moderately enhanced FR in A-947 
rule. 948 
B. Example SU responses to a. AR* and b. AU* tone clouds (TCs). Early sensory-driven response analysis 949 
window (0 - 0.3 s) shown in light blue.  950 



 

C. Group data: responses to TCs rewarded in A-rule (AR*) between rules by unit type and depth. Scatter 951 
plots (left) show FR across rules. Red: BS units. Blue: NS units. Outlined: significantly modulated units, 952 
paired t-test, Benjamini-Hochberg false discovery rate (FDR)-adjusted, q = 0.01. Fold change histograms 953 
show A-rule FR divided by V-rule FR for all units; bins to the left of 1 (dashed line) indicate FR 954 
suppression in A-rule. Box plots above histograms: central line: median; box edges: 25th and 75th 955 
percentiles; whiskers: data points not considered outliers. Asterisks indicate FDR-adjusted (q=0.05, n=6 956 
tests) p-values from paired Wilcoxon signed-rank tests of mean FRs across rules; no asterisk: not 957 
significant (p>0.05).  958 
Right: fractions of significantly modulated units (inclusion as described above) over total. Darker colors 959 
indicate fractions with significantly suppressed FRs in A-rule; lighter colors indicate enhanced FRs in A-960 
rule.  961 
D. Responses to TCs unrewarded in A-rule (AU*). All conventions as in C.  962 
E. Comparison of unit FR modulation by rule between AR* (abscissa) and AU* (ordinate). Top: BS units, 963 
bottom: NS units. Scatter plots (left) show all units with significant rule modulation for AR*, AU* or both.   964 
Modulation values <1 indicate suppressed FR response in A-rule. Note the increased density of units 965 
below 1 for BS and NS units. Right: counts of units by direction of FR rule modulation. Most units lie in 966 
quadrants with similar direction of modulation across stimuli, suggesting that attentional effects on FR are 967 
not frequency or stimulus identity-dependent.  968 
F. Example SU response to the onset of the random double sweep (RDS) mapping stimulus, showing 969 
analysis window for calculating FR (0-0.3 s, blue).  970 
G. Group data for RDS FR modulation across rules by depth and BS/NS classifications. All conventions 971 
as in C.     972 



 

 973 

 974 
Figure 5. Attention-related modulation of sound-evoked responses largely reflects pre-975 
stimulus activity changes.  976 
A. Example pre-stimulus FR measurement, and normalization of post-stimulus response. a. Raw FR by 977 
condition and stimulus. Pre-stimulus analysis window shown in blue (-0.3 to 0 s). b. Normalized FRs (FR 978 
divided by mean pre-stimulus FR).  979 
B. Group data: pre-stimulus onset FR compared across rules, with data organized by depth (S = 980 
superficial, M = middle, D = deep) and BS/NS (red/blue). Conventions as in Figure 4. Scatter plots (left) 981 
show individual units, with significantly modulated units outlined (paired t-test, Benjamini-Hochberg FDR-982 
adjusted, q = 0.01). Difference histograms show A-rule/V-rule for all units shown in scatters; fold change 983 
<1 indicates suppression during the A-rule. As in Figure 4, asterisks represent p-values from FDR-984 
adjusted paired Wilcoxon signed-rank tests on each group (q = 0.05, n = 6 tests). Absence of asterisk: not 985 
significant.  986 
C. Group data: response as fold change, normalized by pre-stimulus FR. Conventions as in B. and Figure 987 
4.  After accounting for pre-stimulus modulation, effects of rule on FR are abolished.  988 



 
 989 

 990 
Figure 6. Attentional modulation of spike rate is driven by neurons without STRF tuning. 991 
A. Spectrotemporal receptive fields (STRFs) for A-rule and V-rule were calculated from spikes during the inter-992 
trial-interval random-double sweep (RDS) stimulus using standard reverse correlation methods.  993 



 
B. STRF reliability as a measure for tuning. a. Reliability was measured through correlations of randomly 994 
subsampled halves of all RDS presentations, repeated 1000 times. A p-value was calculated empirically through 995 
comparison of correlation value distributions from the actual STRF and a null STRF, generated from random 996 
circular shuffling of spike trains relative to stimulus. b. Left: fraction of tuned and untuned units. Right: fractions of 997 
units with STRF tuning in both A- and V-rules (AV), A-rule only (A) or V-rule only (V).   998 
C. Trial-to-trial reliability metric separates AC units into those with tuned STRFs (a.) and untuned STRFs (b.).  999 
D. To control for activity level-driven effects, the larger group with untuned STRFs (n = 345, 64 for BS, NS) is 1000 
matched for sample size and firing rate to the group with tuned STRFs (n = 121, 51 for BS, NS).  a. Mean FR 1001 
during RDS mapping stimulus by tuned and untuned groups. b. FR distribution-matched groups. c. Tuned group 1002 
contains a larger share of decision stimulus-responsive units compared with untuned (for both AR* and AU* TCs). 1003 
Stimulus-responsiveness is defined as a significant FR difference between 0.3 - 0 s pre-stimulus window and 0 - 1004 
0.3 s post-stimulus window, paired t-test, Benjamini-Hochberg FDR-adjusted, q = 0.01.  1005 
E. Untuned unit group is suppressed during auditory attention, while tuned unit group is not. a. Attentional 1006 
modulation of broad-spiking unit responses for task decision stimuli (left: AR*; right: AU*) and RDS mapping stimuli 1007 
(right). Paired Wilcoxon signed-rank between mean FR in A-rule and V-rule, FDR-corrected at q = 0.05 (n = 3 1008 
comparisons per group). Asterisks indicated FDR-adjusted p-values. b. Narrow-spiking, conventions as in a. 1009 
Asterisks indicate significance: * p<0.05; **p<0.01; *** p<0.001.  1010 
F. Measurement of best frequency (BF) from tuned STRF group, based on peaks of absolute values of significant 1011 
time-frequency bins summed across time (-100 ms to 0 window). Significant time-frequency bins (p<0.01) 1012 
determined by comparison of observed STRF values with distribution of values from spike time-shuffled null 1013 
STRF.  1014 
G. BFs of excitatory STRF fields show that AC units are preferentially tuned near the center frequency of the 1015 
target (rewarded) TC.  1016 
H. Attentional modulation by BF of tuned units: tuned near AR (BF ± 0.5 octaves from TC center), AU, or tuned to 1017 
frequency outside either band. Response modulation does not differ by BF tuning for any comparison (AR or AU 1018 
response and BS or NS units; Kruskal-Wallis Test; BS: all p> 0.11, NS: all p>0.81, FDR-adjusted). 1019 



 

 1020 
Figure 7. Auditory attention increases sound encoding efficiency in deep layer broad-spiking 1021 
units. 1022 
A. PSTH-based spiketrain decoding analysis. Time-binned responses for each single trial (test trial; red) are 1023 
compared to PSTHs (templates; green, purple) reflecting responses to each stimulus averaged across all other 1024 
trials. Trials are classified as belonging to the template nearest to the test trial in n-dimensional Euclidean space 1025 



 
(n = number of PSTH bins). A confusion matrix (right) reflecting predicted/actual outcomes for all trials is used to 1026 
calculate accuracy, mutual information (MI; bits) and encoding efficiency (bits/spk). 1027 
B. Decoding accuracy of auditory stimulus identity, compared across attentional states. Decoder setup mimics 1028 
task faced by mice in the A-rule: discrimination between  AR* and AU* tone cloud identities. Results represent 1029 
average of two decoder runs, which differ in their paired visual stimulus, but yield highly similar results: ARVR vs. 1030 
AUVR and ARVU vs. AUVU (see Figure 7 - figure supplement 2 for separate presentation of these data). 1031 
Conventions as in Figure 4C. and elsewhere. Scatter plots represent decoder accuracy from individual units; 1032 
dashed lines show chance level (50%).  1033 
Histograms show raw unit counts for A-rule/V-rule fold change. S = superficial; M = middle; D = deep. No change 1034 
in accuracy is observed across rules.  1035 
C. Stimulus-spike information efficiency (bits/spike, calculation shown in A.) for PSTH-based decoding increases 1036 
for deep broad-spiking units during auditory attention. Conventions as in B.  1037 
D. Measuring encoding changes across attentional states for inter-trial interval (ITI) mapping stimuli. a. Example 1038 
STRFs calculated from ITIs of A-rule and V-rule from the same SU. b. Estimation of mutual information efficiency 1039 
of ITI RDS stimuli: the STRF is convolved with the windows of the RDS stimulus to define two distributions of 1040 
relative STRF-stimulus similarity values: 1. P(x|spike), from time windows preceding a spike, and 2. P(x), a null 1041 
distribution from non-overlapping time windows tiling the full stimulus duration. Information encoding efficiency is 1042 
calculated as shown, reflecting the divergence between these distributions, which increases when spiking 1043 
preferentially occurs during periods of higher stimulus-STRF similarity. MI values are calculated from STRFs in A-1044 
rule and V-rule separately.  1045 
E. Example of spiketrain-STRF encoding efficiency from two SUs: low (a) and high (b) bits/spk examples.  1046 
F. Comparison of spiketrain-STRF encoding efficiency across rules, showing increased encoding efficiency in A-1047 
rule for deep broad-spiking units. 1048 



 

 1049 
Figure 8. Attentionally-suppressed units predict behavior performance during auditory 1050 
attention.  1051 
A. Summary of behavioral outcomes by session (n = 23, 10 mice), organized by task stimulus. Bar 1052 
sequence follows chronology of experiments. Error trials are predominantly false alarms (FAs). To allow 1053 
sufficient trials for measurement of activity levels across behavioral outcomes, subsequent analysis 1054 
focuses on analysis of false alarms (FAs) versus correct rejects (CRs).  1055 
B. Example unit showing behavioral outcome- and rule-dependent FR modulation. Pre-stimulus FR 1056 
analysis window (-0.3 to 0 s) shown in blue. a. Pre-stim. activity for A-rule FA trials (red) is elevated 1057 
relative to CR trials (orange). b. In the same unit, pre-stim. activity is elevated in V-rule CR trials (green) 1058 
relative to A-rule CR trials (orange).  1059 
C. Division of units into A-rule-suppressed and A-rule-enhanced groups reveals suppression of activity as 1060 
a neural signature of correct task performance. a. BS units from sessions with ≥ 10 FA and CR trials are 1061 
divided into A-rule suppressed and A-rule enhanced groups. b. Deep units that are suppressed during 1062 
auditory attention relative to visual show higher firing rates on A-rule error trials relative to correct trials (p 1063 
= 0.0098, paired Wilcoxon signed-rank test, FDR-adjusted for n = 6 tests). Median of group indicated by 1064 
black cross. No such trend exists for the A-rule-enhanced population. c. Pre-stimulus activity does not 1065 
predict V-rule behavioral outcomes in the same groups, suggesting that AC activity suppression is related 1066 
to performance on sound but not visual stimulus discrimination (all p>0.68, paired Wilcoxon signed-rank 1067 
test, FDR-adjusted for n = 6 tests).  1068 



 

 1069 
Figure 2 - figure supplement 1. Pupil size and locomotion compared between unimodal 1070 
and bimodal blocks.  1071 
A. Pupil size, measured as described in Figure 2, compared within rule between unimodal and bimodal 1072 
task segments.  a. A-rule: unimodal A-only pupil size is smaller than bimodal AV pupil (A-rule unimodal: 1073 
0.28 ±0.04 mean norm. pupil width ± SD, A-rule bimodal: 0.29 ±0.05; Z = -2.6, p = 0.009), possibly due to 1074 
the presence of drifting grating visual stimulation or increased task difficulty in the bimodal segment. b. V-1075 
rule: unimodal V-only pupil size trends toward smaller than that in bimodal AV pupil, but does not reach 1076 
significance after multiple comparisons correction (V-rule unimodal: 0.29 ±0.04, V-rule bimodal: 0.30 1077 
±0.05; Z = -2.0, p = 0.062).  1078 
B. Min-max-normalized locomotion is similar across unimodal and bimodal task segments. a. A-rule: 1079 
locomotion during unimodal is comparable to locomotion during bimodal (A uni: 0.46 +/- 0.08, A bimodal: 1080 
0.46 +/- 0.05; Z = 0.282, p = 0.78). b. V-rule: locomotion during unimodal is comparable to locomotion 1081 
during bimodal (V uni: 0.46 +/- 0.06, V bimodal: 0.43 +/- 0.07; Z = 1.224, p = 0.33). All p-values FDR 1082 
adjusted for n = 3 comparisons (including A-rule bimodal vs. V-rule bimodal in Figure 2). Difference box 1083 
plots: central line: median; box edges: 25th and 75th percentiles; whiskers: data points not considered 1084 
outliers.  1085 



 

 1086 
Figure 7 - figure supplement 1. Decoding of task rule from stimulus response PSTHs.  1087 
A. Decoding of rule identity from PSTH responses using Euclidean distance-based classifier. Responses 1088 
to each of the four AV stimuli in the A-rule vs responses to the same stimuli in the V-rule were decoded 1089 
based on 0-0.3 s stimulus onset window as described in Figure 7 and in text; PSTHs were constructed 1090 
with 30 ms bins. Each dot represents SU decoding accuracy (% correct); BS units in red, NS in blue. 1091 
Chance decoding is indicated by the dashed line. A minimum 1 Hz FR response to both stimuli in the 1092 
decode was required for inclusion. Box plots as before: central line indicates median, box edges indicate 1093 
25th and 75th percentiles, whiskers extend to data points not considered outliers. A repeated-measures 1094 
ANOVA, showed no difference of stimulus or BS/NS group in decoding (stimulus [within-subject]: 1095 
F(2.8,1050.6) = 0.73, p = 0.52;  BS/NS [between-subject]: F(2.8,1050.6) = 0.68, p = 0.55; Greenhouse-1096 
Geisser corrected).  1097 
B. Decoding by depth group. Median decoding by stimulus indicated as colored horizontal box plots (as 1098 
described above). Gray distributions represent decoding by depth, averaged across stimulus types. Left: 1099 
broad-spiking units, right: narrow-spiking. A two-way ANOVA shows a significant effect of depth (F(2,579) 1100 
= 3.75, p = 0.024), BS/NS F(1,579) = 27.3, p ≈ 0), but not their interaction (F(2,579) = 0.61, p = 0.55). 1101 
Post-hoc comparison by depth showed that decoding was significantly better in the deep compared to the 1102 
superficial groups and the NS compared to BS unit groups. See Figure 7 - source data 1 for additional 1103 
statistics.   1104 



 

 1105 
Figure 7 - figure supplement 2. Decoding and information efficiency changes across 1106 
rules are similar across visual stimulus pairings. 1107 
Decoding of auditory stimulus identity, compared across attentional states, similar to Figure 7A-C but 1108 
showing decoder runs separated by paired visual stimuli.  1109 
A. Accuracy of discrimination between AR and AU stimuli across rules. a. ARVR vs. AUVR: no difference 1110 
across rules (all p≥0.36, all |Z|≤0.92,  paired WSR test, see Table. S8). b. ARVU vs. AUVU: no difference 1111 
across rules (all p≥0.24, all |Z|≤1.17) . Conventions as in Figure 4C. and elsewhere. Scatter plots 1112 
represent decoder accuracy from individual units; dashed lines show chance level (50%). Histograms 1113 
show raw unit counts for A-rule/V-rule fold change. S = superficial; M = middle; D = deep. 1114 
B. Stimulus-spike information efficiency (bits/spike, calculation shown in A.) for PSTH-based decoding 1115 
increases for deep broad-spiking units during auditory attention. Conventions as in A. a. ARVR vs. AUVR: 1116 
deep group shows increased information efficiency in A-rule (Deep BS: p = 5.8e-4, Z = 1.2,  paired WSR 1117 
test, p-values FDR-corrected; see Figure 7 - source data 4. for other groups) b. ARVU vs. AUVU: deep BS 1118 
group also shows increase in A-rule (p = 0.036, Z = 1.15).   1119 



 

 1120 
Figure 7 - figure supplement 3. Deep AC A-rule information efficiency increases are 1121 
driven by FR suppressed units.  1122 
A. Analysis is restricted to unit group exhibiting information efficiency modulation: deep broad-spiking 1123 
units (see Figure 7).  1124 
B. Decoder-based analyses are split into subpopulations showing increased stimulus responses in the A-1125 
rule (FR+; n = 96, 39.7%) or decreased responses in the A-rule (FR-; n = 146, 60.3%).  1126 
C. Restriction of analysis to FR+ units. a. Example unit, decision stimulus-evoked PSTH response during 1127 
A-rule (orange) and V-rule (green). b. PSTH-based decoder accuracy for FR+ group shows a significant 1128 
increase in A-rule. Left, scatter showing accuracy across rules, points represent individual SUs. Right, 1129 
difference histograms. For succinctness, decoder accuracy shown is the mean of ARVR vs. AUVR and 1130 
ARVU vs. AUVU decoding across rules. c. No change is observed for MI efficiency across rules for FR+ 1131 
deep BS units (conventions as in b).  1132 
D. Similar analyses for FR- units. a. Example unit with reduced response in A-rule. b. Decoder accuracy 1133 
does not change across rules despite loss of spikes in the FR- subpopulation. c. MI efficiency increases 1134 
are driven by the FR- population, directly linking changes in information rate to changes in activity levels 1135 
across attentional state. See text for statistics.   1136 



 

 1137 
Figure 4 - source data 1.A 
Analysis: AR* response FR across rules 

Group n 

A-rule 
mean 
FR (Hz) ±SD 

V-rule 
mean 
FR (Hz) ±SD 

WSR Z-
value p-value 

FDR-
adjuste
d p-
value 

Median fold 
change 
across rules 
(FDR-adj 
p<0.05 only)

Super. BS 49 3.78 6.54 3.58 5.26 -0.49 0.62 0.744 -- 

Super. NS 27 13.49 15.52 14.02 18.1 0.22 0.83 0.83 -- 
Mid. BS 127 6.48 14.49 5.88 9.19 1.03 0.3 0.45 -- 
Mid. NS 28 13.11 10.6 16.14 11.17 2.23 0.026 0.052 -- 

Deep BS 333 5.26 7.83 6.06 8.84 4.08
4.60E-

05
2.76E-

04 0.89

Deep NS 66 19.87 17.84 23.36 20.68 2.9 0.0038 0.0114 0.87
          
          
Figure 4 - source data 1.B 
Analysis: AU* response FR across rules 

Group n 

A-rule 
mean 
FR (Hz) ±SD 

V-rule 
mean 
FR (Hz) ±SD 

WSR Z-
value p-value 

FDR-
adjuste
d p-
value 

Median fold 
change 
across rules 
(FDR-adj 
p<0.05 only)

Super. BS 46 4.39 7.8 3.44 5.69 -1.24 0.21 0.252 -- 

Super. NS 27 13.72 11.74 13.9 10.47 0.14 0.89 0.89 -- 
Mid. BS 122 5.78 11.48 5.44 7.07 1.38 0.17 0.252 -- 
Mid. NS 28 12.73 9.31 16.4 11.69 2.3 0.021 0.063 -- 

Deep BS 321 4.69 7.58 5.82 10.01 5.11
3.30E-

07
1.98E-

06 0.81

Deep NS 66 17.39 14.11 19.24 13.78 1.91 0.056 0.112 -- 
 1138 
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 1140 
Figure 4 - source data 2. 
Analysis: RDS response FR across rules 

Group n 

A-rule 
mean 
FR (Hz) ±SD 

V-rule 
mean 
FR (Hz) ±SD 

WSR Z-
value p-value 

FDR-
adjuste
d p-
value 

Median fold 
change 
across rules 
(FDR-adj 
p<0.05 only) 

Super. BS 45 3.05 5.54 2.69 3.32 1.44 0.15 0.18 -- 

Super. NS 23 9.21 8.23 9.8 5.97 0.52 0.61 0.61 -- 
Mid. BS 112 3.66 5.95 4.17 5.33 3.09 0.002 0.006 0.85
Mid. NS 28 8.55 7.68 11.89 8.87 2.69 0.0072 0.0144 0.65

Deep BS 309 3.37 4.25 4.11 5.32 5.2
2.00E-

07
1.20E-

06 0.84

Deep NS 64 13.55 11.44 15.77 12.54 2.45 0.014 0.021 0.8
 1141 
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 1143 
Figure 5 - source data 1. 
Analysis: Pre-stimulus FR across rules 

Group n 

A-rule 
mean FR 
(fold 
change) ±SD 

V-rule 
mean 
FR (fold 
change) ±SD 

WSR Z-
value p-value 

FDR- 
adjusted 
p-value 

Median fold 
change across 
rules (FDR-adj 
p<0.05 only) 

Super. BS 51 3.15 5.57 2.36 3.25 -1.61 0.11 0.132 -- 

Super. NS 27 9.59 8.68 8.99 7.68 -1.06 0.29 0.29 -- 
Mid. BS 127 3.99 7.23 4.1 5 2.01 0.045 0.072 -- 
Mid. NS 28 10.46 9.63 13.44 10.95 2.48 0.013 0.039 0.71

Deep BS 336 3.44 4.55 4.07 5.37 4.49 7.00E-06 4.20E-05 0.87

Deep NS 66 13.67 11.75 15.02 12.55 1.98 0.048 0.072 -- 
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 1146 
Figure 5 - source data 2.A 
Analysis: AR* baseline-adjusted FR across rules 

Group n 

A-rule 
mean FR 
(fold 
change) ±SD 

V-rule 
mean 
FR (fold 
change) ±SD 

WSR Z-
value p-value

FDR- 
adjusted 
p-value 

Median fold 
change across 
rules (FDR-adj 
p<0.05 only) 

Super. BS 44 3.7 9.92 4.64 9.64 2.37 0.018 0.075 -- 

Super. NS 27 2.34 3.08 3.26 5.59 2.23 0.025 0.075 -- 
Mid. BS 125 2.69 4.47 3.23 7.55 0.06 0.95 0.95 -- 
Mid. NS 28 2.52 4.02 3.09 6.89 -0.55 0.58 0.708 -- 

Deep BS 310 8.51 45.06 8.95 53.43 -1.27 0.21 0.42 -- 

Deep NS 66 2.54 4.31 2.35 2.91 0.54 0.59 0.708 -- 
          
          
Figure 5 - source data 2.B 
Analysis: AU* baseline-adjusted FR across rules 

Group n 

A-rule 
mean FR 
(fold 
change) ±SD 

V-rule 
mean 
FR (fold 
change) ±SD 

WSR Z-
value p-value

FDR- 
adjusted 
p-value 

Median fold 
change across 
rules (FDR-adj 
p<0.05 only) 

Super. BS 43 1.92 1.92 2.3 2.95 1.06 0.29 0.435 -- 

Super. NS 27 2.57 3.49 4.59 12.67 2.07 0.039 0.144 -- 
Mid. BS 118 2.23 4.04 1.62 2.23 -1.52 0.13 0.26 -- 
Mid. NS 28 2 2.82 1.87 2.25 -0.48 0.63 0.63 -- 

Deep BS 306 4.46 23.66 4.24 21.24 1.98 0.048 0.144 -- 

Deep NS 66 2.05 2.72 2.46 4.99 0.61 0.54 0.63 -- 
  1147 



 

 1148 
Figure 6 - source data 1.A 
Analysis: Stimulus response modulation across rules by tuned/untuned, BS cells 

Group 
Stimulu
s n 

Mean FR resp 
across rules 
(fold change) ±SD 

WSR Z-value 
(vs 1 [no 
modulation by 
rule]) p-value 

FDR-
corrected 
p-value (if 
any p<0.05)

Tuned 

AR* 121 0.97 0.99 -1.30 0.193 0.193

AU* 120 0.90 0.98 -1.57 0.117 0.176

RDS 121 0.90 0.90 -1.72 0.086 0.176

Untuned 

AR* 120 0.89 0.97 -2.27 0.023 0.023

AU* 
118 0.76 1.51 -2.85

4.36E-
03 6.54E-03

RDS 
121 0.77 0.51 -4.46

8.37E-
06 2.51E-05

Note: fold change is A-rule / V-rule 
        
Figure 6 - source data 1.B 
Analysis: Stimulus response modulation across rules by tuned/untuned, NS cells 

Group 
Stimulu
s n 

Mean FR resp 
across rules 
(fold change) ±SD 

WSR Z-value 
(vs 1 [no 
modulation by 
rule]) p-value 

FDR-
corrected 
p-value 

Tuned 

AR* 51 0.97 0.64 -1.23 0.219 0.220 

AU* 51 0.96 0.71 -0.83 0.404 0.404 

RDS 51 0.93 0.74 -1.04 0.298 0.298 

Untuned 

AR* 
51 0.84 0.78 -2.62

8.92E-
03 8.92E-03

AU* 
51 0.71 0.91 -3.29

1.00E-
03 1.50E-03

RDS 
51 0.73 0.46 -4.14

3.43E-
05 0.0001029

Note: fold change is A-rule / V-rule 
        
Figure 6 - source data 1.C 

Analysis: Stimulus response modulation across rules by best frequency, BS cells 



 

Stimulus 
response 

BF 
tuning n 

Mean FR resp 
across rules 
(fold change) ±SD 

Kruskal-Wallis 
non-
parametric 
ANOVA H-stat p-value 

FDR-
corrected 
p-value 

AR* 

Near 
AR 44 0.96 0.71

3.39 0.184 0.184 Near 
AU 10 1.35 1.81

Other 51 0.97 0.92

AU* 

Near 
AR 43 0.99 1.09

5.55 0.062 0.124 Near 
AU 10 1.06 0.97

Other 52 0.78 0.85

Note: fold change is A-rule / V-rule 
        
Figure 6 - source data 1.D 

Analysis: Stimulus response modulation across rules by best frequency, NS cells 

Stimulus 
response 

BF 
tuning n 

Mean FR resp 
across rules 
(fold change) ±SD 

Kruskal-Wallis 
non-
parametric 
ANOVA H-stat p-value 

FDR-
corrected 
p-value 

AR* 

Near 
AR 24 0.94 0.44

0.53 0.768 0.768 Near 
AU 7 1.04 0.10

Other 18 0.83 0.96

AU* 

Near 
AR 24 0.95 0.62

1.24 0.537 0.768 Near 
AU 7 1.10 0.40

Other 18 0.76 0.96

Note: fold change is A-rule / V-rule 
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 1150 
 1151 
Figure 7 - source data 1.A 

Analysis: decoder accuracy, A-rule vs V-rule by stim. type
Accuracy (%) ± SD 
Group ARVR ARVU AUVR AUVU 
BS 56.5 ± 12.2 57.1 ± 11.6 57.4 ± 11.5 56.7 ± 12.3 
NS 60.8 ± 13.4 62.1 ± 12.2 62.8 ± 13.1 60.0 ± 12.4 
     

One-way Wilcoxon signed rank (WSR) vs chance [50%]: all 
p≤1.1E-12, all |z|≥7.1 
     
     
Figure 7 - source data 1.B 

Analysis: decoder accuracy, A- vs V-rule by depth, BS/NS
Accuracy (%) ± SD 

Group 
Avg., all 

stim    

Super. BS 56.0 ± 10.8    

Super. NS 59.6 ± 8.9    

Mid. BS 
55.8 ± 
10.3    

Mid. NS 
60.5 ± 
12.6    

Deep BS 
57.2 ± 
10.5    

Deep NS 
62.9 ± 
13.4    

     
One-way WSR vs chance [50%]: all p≤2.9E-4, all |z|≥6.3 
  1152 



 

 1153 
Figure 7 - source data 2.A 
Analysis: decoder accuracy of AR* vs AU* across depth groups 

Group n 
A-rule % 
correct ±SD 

WSR Z-
value (vs 
50% 
[chance]) p-value 

V-rule % 
correct ±SD 

WSR Z-
value (vs 
50% 
[chance]) p-value 

Super. BS 48 62.58 12.66 5.18
2.20E-

07 62.58 13 5.21 
1.90E-

07

Super. NS 30 71.14 15.49 4.51
6.30E-

06 71.93 14.02 4.58 
4.70E-

06

Mid. BS 98 63.19 14.85 7.33
2.20E-

13 63.54 14.79 7.57 
3.60E-

14

Mid. NS 25 73.96 13.62 4.35
1.40E-

05 72.35 14.14 4.37 
1.20E-

05

Deep BS 233 67.81 15.19 12.5
7.20E-

36 67.09 15.3 12.63 
1.40E-

36

Deep NS 61 72.18 15.74 6.45
1.10E-

10 71.97 15.99 6.48 
9.50E-

11
          
Figure 7 - source data 2.B 
Analysis: decoder accuracy of ARVR vs AUVR across depth groups 

Group n 
A-rule % 
correct ±SD 

WSR Z-
value (vs 
50% 
[chance]) p-value 

V-rule % 
correct ±SD 

WSR Z-
value (vs 
50% 
[chance]) p-value 

Super. BS 45 63.54 13.4 4.93
8.30E-

07 63.8 13.75 5.06 
4.10E-

07

Super. NS 30 70.67 16.23 4.45
8.50E-

06 71.12 15.88 4.25 
2.20E-

05

Mid. BS 94 63.47 15.37 6.85
7.60E-

12 63.01 16.36 6.34 
2.30E-

10

Mid. NS 25 73.35 14.39 4.37
1.20E-

05 71.95 14.62 4.32 
1.60E-

05

Deep BS 207 69.03 15.86 11.62
3.40E-

31 68.27 16.31 11.35 
7.80E-

30

Deep NS 60 71.99 15.39 6.42
1.40E-

10 72.02 17.35 6.14 
8.30E-

10
          
Figure 7 - source data 2.C 
Analysis: decoder accuracy of ARVU vs AUVU across depth groups 



 

Group n 
A-rule % 
correct ±SD 

WSR Z-
value (vs 
50% 
[chance]) p-value 

V-rule % 
correct ±SD 

WSR Z-
value (vs 
50% 
[chance]) p-value 

Super. BS 45 62.67 13.67 4.83
1.40E-

06 62.91 13.79 4.99 
5.90E-

07

Super. NS 29 71.08 16.25 4.36
1.30E-

05 72.88 13.79 4.59 
4.30E-

06

Mid. BS 93 63.76 14.97 7.16
8.10E-

13 64.57 15.21 7.35 
2.00E-

13

Mid. NS 25 74.56 14 4.35
1.40E-

05 72.75 15.14 4.32 
1.60E-

05

Deep BS 224 67.68 16.21 11.63
3.00E-

31 67.24 16.39 11.77 
5.60E-

32

Deep NS 61 72.58 17.42 6.2
5.60E-

10 72.3 16.22 6.48 
9.00E-

11
  1154 



 

 1155 
Figure 7 - source data 3.A  

Analysis: Wilcoxon signed-rank comparison of AR* vs AU* decoding across rules 
** For raw data values, refer to Figure 7 - 
source data 2.B  

Group n 
WSR Z-value 
across rules p-value  

Super. BS 48 -0.3 0.77  

Super. NS 30 0.69 0.49  
Mid. BS 98 0.61 0.54  
Mid. NS 25 -1.39 0.17  

Deep BS 233 -1.11 0.27  

Deep NS 61 -0.41 0.68  
     
Figure 7 - source data 3.B  

Analysis: Wilcoxon signed-rank comparison of ARVR vs AUVR decoding accuracy across rules 
** For raw data values, refer to Figure 7 - 
source data 2.B  

Group n 
WSR Z-value 
across rules p-value  

Super. BS 45 0.06 0.95  
Super. NS 30 0.38 0.71  

Mid. BS 94 -0.17 0.87  
Mid. NS 25 -0.9 0.37  

Deep BS 207 -0.92 0.36  
Deep NS 60 0.57 0.57  

     
Figure 7 - source data 3.C  
Analysis: Wilcoxon signed-rank comparison of ARVU vs AUVU decoding accuracy across rules 
** For raw data values, refer to Figure 7 - 
source data 2.C  

Group n 
WSR Z-value 
across rules p-value  

Super. BS 45 0.13 0.9  
Super. NS 29 0.9 0.37  

Mid. BS 93 0.81 0.42  
Mid. NS 25 -1.17 0.24  

Deep BS 224 -0.53 0.59  
Deep NS 61 -0.87 0.39  
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Figure 7 - source data 4.A 
Analysis: MI efficiency of ARVR vs AUVR across rules 

Group n 

A-rule 
mean 
bits/spk ±SD 

V-rule 
mean 
bits/spk ±SD 

WSR Z-
value 
across 
rules p-value 

FDR- 
adjusted 
p-value 

Median fold 
change across 
rules (FDR-adj 
p<0.05 only) 

Super. BS 48 0.18 0.14 0.15 0.11 -1.47 0.14 0.396 -- 

Super. NS 30 0.1 0.09 0.08 0.06 -1.08 0.28 0.396 -- 
Mid. BS 98 0.13 0.11 0.14 0.13 0.78 0.43 0.43 -- 
Mid. NS 25 0.07 0.07 0.07 0.08 -0.98 0.33 0.396 -- 

Deep BS 233 0.19 0.19 0.15 0.13 -4.06
4.90E-

05
2.94E-

04 1.19
Deep NS 61 0.06 0.06 0.06 0.05 -1.28 0.2 0.396 -- 

          
          
Figure 7 - source data 4.B 
Analysis: MI efficiency of ARVR vs AUVR across rules 

Group n 

A-rule 
mean 
bits/spk ±SD 

V-rule 
mean 
bits/spk ±SD 

WSR Z-
value 
across 
rules p-value 

FDR- 
adjusted 
p-value 

Median fold 
change across 
rules (FDR-adj 
p<0.05 only) 

Super. BS 45 0.16 0.13 0.14 0.14 -1.31 0.19 0.57 -- 

Super. NS 30 0.1 0.09 0.08 0.07 -1 0.32 0.64 -- 
Mid. BS 94 0.13 0.13 0.14 0.13 0.62 0.54 0.81 -- 
Mid. NS 25 0.07 0.08 0.07 0.08 -0.31 0.76 0.91 -- 

Deep BS 207 0.17 0.18 0.13 0.12 -3.9
9.70E-

05
5.82E-

04 1.2
Deep NS 60 0.06 0.06 0.06 0.06 -0.12 0.91 0.91 -- 

          
          
Figure 7 - source data 4.C 
Analysis: MI efficiency of ARVU vs AUVU across rules 

Group n 

A-rule 
mean 
bits/spk ±SD 

V-rule 
mean 
bits/spk ±SD 

WSR Z-
value 
across 
rules p-value 

FDR- 
adjusted 
p-value 

Median fold 
change across 
rules (FDR-adj 
p<0.05 only) 

Super. BS 45 0.18 0.18 0.15 0.12 -0.34 0.73 0.8 -- 

Super. NS 29 0.1 0.1 0.07 0.06 -0.25 0.8 0.8 -- 
Mid. BS 93 0.11 0.1 0.13 0.13 0.66 0.51 0.765 -- 
Mid. NS 25 0.08 0.07 0.07 0.08 -0.79 0.43 0.765 -- 



 

Deep BS 224 0.18 0.18 0.15 0.14 -2.75 0.006 0.036 1.15
Deep NS 61 0.06 0.06 0.06 0.05 -1.33 0.19 0.57 -- 

 1157 
Figure 7 - source data 5. 
Analysis: Comparison of STRF MI (bits/spk) across rules 

Group n 

A-rule 
mean 
bits/spk ±SD 

V-rule 
mean 
bits/spk ±SD 

WSR Z-
value 
across 
rules p-value 

FDR- 
adjusted 
p-value 

Median fold 
change across 
rules (FDR-adj 
p<0.05 only) 

Super. 
BS 8 0.16 0.21 0.16 0.22 -0.17 0.87 0.92 -- 

Super. 
NS 8 0.07 0.08 0.07 0.08 -1.54 0.12 0.24 -- 

Mid. BS 27 0.08 0.1 0.06 0.07 -0.88 0.38 0.57 -- 
Mid. NS 13 0.03 0.03 0.04 0.05 0.1 0.92 0.92 -- 

Deep BS 50 0.15 0.22 0.13 0.21 -3.05 0.0023 0.0138 1.25

Deep NS 14 0.04 0.05 0.03 0.03 -1.66 0.096 0.24 -- 
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 1159 
Figure 8 - source data 1.A 
Analysis: Pre-stimulus FRs for false alarm vs. correct reject in A-rule 
Inclusion filter: behavior sessions with >10 FA and CR trials in A-rule 

Group 

n 

CR trials 
mean 
pre-stim 
FR (Hz) ±SD 

FA trials 
mean 
pre-stim 
FR (Hz) ±SD

WSR Z-
value 
across 
outcom
es p-val 

FDR-
adjusted 
p-val 

Mean FR 
difference 
(Hz): FA-CR 
(FDR-adj 
p<0.05 only) 

Units with enhanced FRs in A-rule 

Super. BS 10 9.47 9.71 8.52 9.51 1.17 0.2411 0.2893 -- 
Mid. BS 18 3.66 3.89 3.09 2.65 0.46 0.6474 0.6474 -- 

Deep BS 63 3.61 4.43 3.51 4.89 1.43 0.1515 0.2893 -- 
 Units with suppressed FRs in A-rule 

Super. BS 9 2.14 2.63 2.51 2.53 -1.48 0.1386 0.2893 -- 
Mid. BS 36 3.12 3.69 3.59 3.73 -1.24 0.2146 0.2893 -- 

Deep BS 98 3.36 3.80 3.71 3.64 -3.15 0.0016 0.0098 0.35
          
Figure 8 - source data 1.B 
Analysis: Pre-stimulus FRs for false alarm vs. correct reject in V-rule 
Inclusion filter: behavior recordings with >10 FA and CR trials in V-rule 

Group 

n 
(units) 

CR trials 
mean 
pre-stim 
FR (Hz) ±SD 

FA trials 
mean 
pre-stim 
FR (Hz) ±SD

WSR Z-
value 
across 
outcom
es p-val 

FDR-
adjusted 
p-val 

Mean FR 
difference 
(Hz): FA-CR 
(FDR-adj 
p<0.05 only) 

Units with enhanced FRs in A-rule 

Super. BS 10 5.91 5.49 5.34 4.57 0.36 0.7213 0.7369 -- 

Mid. BS 17 7.66 8.25 8.00 9.22 -0.54 0.5862 0.7369 -- 

Deep BS 27 3.11 3.44 3.71 4.51 -1.59 0.1128 0.6769 -- 
 Units with suppressed FRs in A-rule 
Super. BS 4 4.03 3.66 4.92 5.38 -0.73 0.4652 0.7369 -- 

Mid. BS 27 5.38 4.84 5.21 5.91 0.86 0.3871 0.7369 -- 
Deep BS 95 5.72 7.15 5.67 7.61 0.34 0.7369 0.7369 -- 
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