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Large-scale multiple-electrode recordings in monkeys 
performing cognitive-demanding tasks 

Electrode arrays to 
investigate local circuitry 

Electrode arrays in different brain 
areas to investigate large-scale 

networks. 

Neural Dynamics of Cognition 

We record spiking activity of individual neurons and local field potentials (LFPs) 



Today’s Topic: Working memory 
 
The active holding of relevant information “in mind”.  Its neural basis 
is sustained spiking activity of neurons in the prefrontal cortex (Fuster, 
Goldman-Rakic, others). 
 
 The prefrontal cortex (PFC) 



It is *not* simply a short-term buffer of recent sensory experience. 
 
Active means volitional.  The brain’s ability to generate activity 
related to its own goals, to control its own thoughts and actions. 
 
Selection of relevant information -> abstract thought. 
 
This talk: A brief survey of older results and then a more in-depth look 
at new data and a model of working memory.  

Today’s Topic: Working memory 
 
The active holding of relevant information “in mind”.  Its neural basis 
is sustained spiking activity of neurons in the prefrontal cortex (Fuster, 
Goldman-Rakic, others). 
 
 



Selective representation of top-down abstractions: Rules, categories. 



A PFC neuron selective for stimulus 
category, not exact appearance 

Freedman et al. (2001) Science 

Monkeys were trained to 
categorize a set of smoothly 
varying morphed images into 
“cats” or “dogs” 

Selective representation of top-down abstractions: Rules, categories. 
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Small numbers: Nieder et al (2002) 
Nieder and Miller (2003, 2004a, 2004b)  Rules - Same vs different: Wallis, Anderson, and Miller (2001) 

Wallis and Miller (2003), Muhammad et al (2006)  

Choose same 

Choose different 

Selective representation of top-down abstractions: Rules, categories. 



A large proportion of PFC neurons showed task-related selectivity (30-40% of 
randomly-selected selected neurons) 

Choose same 

Choose different 

Possible explanations: 
 
1. Task info is over-represented as a result of training. 

Seems unlikely – humans have years of experience on some tasks 
 

2. The monkey can learn 2-3 things then their brains 
would fill up. 
This seems silly. 
 

3. Many PFC neurons are multifunctional. 
Adaptive coding/mixed selectivity models 
Duncan and Miller (2000, 2013); Fusi et al. (2016); Rigotti et al (2013)  

Acquired Top-Down Info Seems to “Fill” the Prefrontal Cortex 



Mixed selectivity adds computational horsepower 
• Creates a high-dimensional representational space 
• Allows solving of more complex problems 
• Greater storage capacity 
• Greater flexibility 
• Faster learning 

 

Rigotti, Barak, Warden, Wang, Daw, Miller, & Fusi (2013) Nature 
Fusi, Miller, Rigotti (2016) Current Opinion in Neurobiology 



Cromer, Roy, and Miller (2010) Neuron 

We trained monkeys to on two 
different category tasks…. 

…..and found that the majority 
of neurons categorized both 
stimulus sets 

See also Freedman and colleagues: 
Individual parietal cortex neurons contribute to both motion and 
shape categorization 

An Example of Mixed Selectivity in the PFC 

Strongest selectivity 



Siegel, Buschman, and Miller (2015) Science 

Mixed Selectivity Throughout the Cortex 

Recordings from 108 simultaneous electrodes 
acutely implanted in different six different 
cortical regions. 
 
New recording locations each day for a total 
of 7000 locations 

Monkeys categorized the motion direction or color of moving, colored dots 



Siegel, Buschman, and Miller (2015) Science 

The traditional view of cortex is of a patchwork 
of specialized modules.  Is it? 

Recordings from 108 simultaneous electrodes 
acutely implanted in different six different 
cortical regions. 
 
New recording locations each day for a total 
of 7000 locations 

Monkeys categorized the motion direction or color of moving, colored dots 

Mixed Selectivity Throughout the Cortex 
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Siegel, Buschman, and Miller (2015) Science 

Different cortical areas emphasize different aspects of the task, but task 
information was widely distributed and intermingled across cortex. 

Anterior  Posterior 

Bottom-up Top-down 

Mixed Selectivity Throughout the Cortex 

Monkeys categorized the motion direction or color of moving, colored dots 



Siegel, Buschman, and Miller (2015) Science 

Flow of neural 
information: 

Mixed Selectivity Throughout the Cortex 



Ensembles lying on top 
of ensembles. 
 
If so, how do you select 
a single ensemble? 
 
 
 Think “X” Think “Y” 

Mixed selectivity neuron 

Mixed Selectivity – Neurons That Participate in Multiple Ensembles 

Rigotti, Barak, Warden, Wang, Daw, Miller, & Fusi (2013) Nature 
Fusi, Miller, Rigotti (2016) Current Opinion in Neurobiology 



Neurons that hum together (temporarily) 
wire together. 
 
Allows one ensemble to be selected 
from overlapping anatomy. 
 
May endow cognitive flexibility.  
Ensembles can be formed, changed, etc. 
via shifting patterns of resonance. 
 
Anatomy is the road-and-highway 
system.  Spikes are the traffic. 
 
Patterns of oscillatory resonance are the 
traffic lights. 
 

Neural Ensembles Form by Synchronized Rhythms? 

Ensemble 1 Ensemble 2 

For more info see: 
Miller and Buschman (2013) Current Opinion in Neurobiology.  23:216–222. 
Miller and Buschman (2013) Pontifical Academy of Sciences, Scripta Varia 121, Vatican City 



Buschman, Denovellis, Diogo, and Miller (2012) Neuron 

Recordings from electrode 
arrays in the lateral 
prefrontal cortex 

Brain Rhythms Form Neural Ensembles for Rules 

Red 
(or blue) 

Vertical 
(or horizontal) 

Pay attention to color: 

Pay attention to orientation: 



Buschman, Denovellis, Diogo, and Miller (2012) Neuron 

Recordings from electrode 
arrays in the lateral 
prefrontal cortex 

Red 
(or blue) 

Vertical 
(or horizontal) 

Pay attention to color: 

Pay attention to orientation: 

50% of randomly selected 
electrode pairs showed rule-

specific increases in beta (12-30 
Hz) synchrony between LFPs 

(and spikes) 

Brain Rhythms Form Neural Ensembles for Rules 



Buschman, Denovellis, Diogo, and Miller (2012) Neuron 

Recordings from electrode 
arrays in the lateral 
prefrontal cortex 

Red 
(or blue) 

Vertical 
(or horizontal) 

Pay attention to color: 

Pay attention to orientation: 

Colored lines 
connect 
recording sites 
with significant 
increases in beta 
LFP synchrony 
for one or the 
other rule. 

Brain Rhythms Form Neural Ensembles for Rules 

50% of randomly selected 
electrode pairs showed rule-

specific increases in beta (13-30 
Hz) synchrony between LFPs 

(and spikes) 



Buschman, Denovellis, Diogo, and Miller (2012) Neuron 

Colored lines 
connect 
recording sites 
with significant 
increases in beta 
LFP synchrony 
for one or the 
other rule. 

Network Topology 
Not isolated pairs of 
recording sites: 
 
Highly interconnected 
networks of 
synchronized 
recording sites 
 
(Lines connect sites 
that are part of the 
same network.  The 
closer the dots, the 
stronger the network 
interactions) 

Why the differences in topology? 
See Buschman et al (2012) 

Brain Rhythms Form Neural Ensembles for Rules 



Other examples: 
Beta ensembles within and between the prefrontal cortex and posterior 
parietal cortex for spatial categories (Up vs Down) 
(Antzoulatos and Miller, 2016, eLife) 
 
 

Beta (13-30 Hz) Rhythms Form Neural Ensembles for Rules 

Beta ensembles in the prefrontal cortex for shape 
categories (cat vs dog) (Stanley, Roy, Kopell, and Miller, 2016, Cerebral 
Cortex) 
 

Category 
Prototypes 

Category “A” Category “B” 
Beta ensembles form in and between the prefrontal 
cortex and striatum as animlas learn to categorize dot 
patterns. (Antzoulatos and Miller, 2014, Neuron) 
 
 
 



Today’s Topic: Working memory 
 
The active holding of relevant information “in mind”.  Its neural basis 
is sustained spiking activity of neurons in the prefrontal cortex (Fuster, 
Goldman-Rakic, others). 
 
 The prefrontal cortex (PFC) 



Time (seconds) 

Goldman-Rakic 
Curtis and D’Esposito 

Siegel, Warden, and Miller 
FMRI LFPs 

Working memory has long been associated with sustained neural 
activity (i.e., “delay activity”) 

Spiking 



Spiking 
Curtis and D’Esposito 

FMRI 

Hussar and Pasternak (2013) 

Each line is a different 
neuron.   

Information is averaged 
across trials 

Time (seconds) 

Siegel, Warden, and Miller 
LFPs 

Working memory has long been associated with sustained neural 
activity (i.e., “delay activity”) 

Goldman-Rakic 

On single-neuron level, there is 
sparseness and variability in delay activity. 
(As we will see, also on the trial by trial 
level.) 
 
Recently, some investigators have begun 
to incorporate sparseness into models of 
working memory. 



Activity-Silent model (Stokes, 2015, TICS). 
• Delay activity spiking produces temporary changes in synaptic weights.   

 
Dynamic Attractor Network model (Lundqvist et al., 2011, JOCN) 
• Oscillatory dynamics result in temporary changes in synaptic weights. 

 
 

Sparseness of spiking as a feature of models of working memory 



Activity-Silent model (Stokes, 2015, TICS). 
• Delay activity spiking produces temporary changes in synaptic weights.   

 
Dynamic Attractor Network model (Lundqvist et al., 2011, JOCN) 
• Oscillatory dynamics result in temporary changes in synaptic weights. 

 
 

Sparseness of spiking as a feature of models of working memory 

Spiking is not doing all the work.  Memory maintenance is helped along by the 
temporary “impressions” that spiking leaves in synaptic weights.  



Activity-Silent model (Stokes, 2015, TICS). 
• Delay activity spiking produces temporary changes in synaptic weights.   

 
Dynamic Attractor Network model (Lundqvist et al., 2011, JOCN) 
• Oscillatory dynamics result in temporary changes in synaptic weights. 

 
 

Sparseness of spiking as a feature of models of working memory 

Advantage: 
It’s economical – You don’t need to have every moment filled by expensive spikes. 
 
Plus other advantages….. 
 

Spiking is not doing all the work.  Memory maintenance is helped along by the 
temporary “impressions” that spiking leaves in synaptic weights.  



Dynamic Attractor network (Lundqvist et al., 2011) 

Mikael Lundqvist 



1. Neurons coding for the same 
stimulus are recurrently 
connected into local clusters. 
Like clusters form assemblies. 
 

2. Competing clusters share 
feedback inhibition. 
 

Dynamic Attractor network (Lundqvist et al., 2011) 



1. Neurons coding for the same 
stimulus are recurrently 
connected into local clusters. 
Like clusters form assemblies. 
 

2. Competing clusters share 
feedback inhibition. 
 

3. Default network state is beta 
oscillations with low spike 
rates. 
 

 

Dynamic Attractor network (Lundqvist et al., 2011) 



1. Neurons coding for the same 
stimulus are recurrently 
connected into local clusters. 
Like clusters form assemblies. 
 

2. Competing clusters share 
feedback inhibition. 
 

3. Default network state is beta 
(15-35 Hz) oscillations with low 
spike rates. 
 

4. Activation of an assembly by a 
stimulus kicks up the rhythms 
to gamma (>35 Hz) for a short 
burst.  This changes synaptic 
weights. 
 

Dynamic Attractor network (Lundqvist et al., 2011) 

Note:  Beta and gamma are emergent in the model from conduction delays, 
EPSP/IPSP time constants in clusters with recurrent connectivity. 



The task: Remember 2-3 colored squares over a brief delay  

Make a saccade if the square in that location has changed color 

18-20 acute electrodes in 
the lateral prefrontal cortex 
of two monkeys. 

Total of 321 recordings 
sites across sessions 

Lundqvist et al (2016) Neuron 



Analysis of local field potentials (LFPs) revealed two types of recording sites 

Continuous beta 
(no gamma) 

Stimulus-evoked gamma, 
beta interrupted 

Time (ms) Time (ms) 

Lundqvist et al (2016) Neuron 



Continuous beta 
(no gamma) 

Stimulus-evoked gamma, 
beta interrupted 

What accounts for these differences? 

Time (ms) Time (ms) 

Lundqvist et al (2016) Neuron 

Analysis of local field potentials (LFPs) revealed two types of recording sites 



Continuous beta 
(no gamma) 

Stimulus-evoked gamma, 
beta interrupted 

What accounts for these differences? 
• Similar incidence of isolatable neurons for both types of sites. 
• Average spike rates were similar across sites. 

Time (ms) Time (ms) 

Lundqvist et al (2016) Neuron 

Analysis of local field potentials (LFPs) revealed two types of recording sites 



Continuous beta 
(no gamma) 

Stimulus-evoked gamma, 
beta interrupted 

Time (ms) Time (ms) 

Spiking at these sites carried 
*no* stimulus information. 

Spikes carried stimulus 
information. 

What accounts for these differences? 
• Similar incidence of isolatable neurons for both types of sites. 
• Average spike rates were similar across sites. 

Lundqvist et al (2016) Neuron 

Analysis of local field potentials (LFPs) revealed two types of recording sites 



Continuous beta 
(no gamma) 

Stimulus-evoked gamma, 
beta interrupted 

Time (ms) Time (ms) 

What accounts for these differences? 
• Similar incidence of isolatable neurons for both types of sites. 
• Average spike rates were similar across sites. 

It’s not the spiking, 
it’s the information 
in the spiking. 

Spiking at these sites carried 
*no* stimulus information. 

Spikes carried stimulus 
information. 

Lundqvist et al (2016) Neuron 

Analysis of local field potentials (LFPs) revealed two types of recording sites 



Continuous beta 
(no gamma) 

Stimulus-evoked gamma, 
beta interrupted 

Time (ms) Time (ms) 

It’s not the spiking, 
it’s the information 
in the spiking. 

What accounts for these differences? 
• Similar incidence of isolatable neurons for both types of sites. 
• Average spike rates were similar across sites. 

Prediction 1: Gamma 
oscillations are tied to neural 
encoding of information 

Spiking at these sites carried 
*no* stimulus information. 

Spikes carried stimulus 
information. 

Lundqvist et al (2016) Neuron 

Analysis of local field potentials (LFPs) revealed two types of recording sites 



Prediction 1: Gamma Oscillations are tied to neural encoding of information 

Average neural information about stimuli in 
gamma-modulated vs non-modulated sites 

Only neurons at gamma-modulated sites 
carried stimulus information. Non-gamma-
modulated sites had similar spike rates but 

no information. 
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Lundqvist et al (2016) Neuron 



Prediction 2: Gamma and beta occur in brief, narrow-band bursts (“bubbles”) 

Across-trial average spectrograms suggest that 
gamma and beta oscillations are broad-band and 
sustained. 
 
 

Lundqvist et al (2016) Neuron 



Prediction 2: Gamma and beta occur in brief, narrow-band bursts (“bubbles”) 

Across-trial average spectrograms suggest that 
gamma and beta oscillations are broad-band and 
sustained. 
 
Single-trial analysis showed that both gamma and 
beta occurred in brief, variable narrow-band bursts 
(as predicted). 
 

Time (ms) 

Lundqvist et al (2016) Neuron 



Prediction 2: Gamma and beta occur in brief, narrow-band bursts (“bubbles”) 

Across-trial average spectrograms suggest that 
gamma and beta oscillations are broad-band and 
sustained. 
 
Single-trial analysis showed that both gamma and 
beta occurred in brief, variable narrow-band bursts 
(as predicted). 
 
Model: 
• They are brief because of adaptation and mutual 

inhibition. 
 

• They are narrow-band and variable because the 
exact frequency depends on the instantaneous 
level of excitation in the assembly when it is 
activated. 
 

 
 

Time (ms) 

Lundqvist et al (2016) Neuron 



Prediction 2: Gamma and beta occur in brief, narrow-band bursts (“bubbles”) 

Time (ms) 

Lundqvist et al (2016) Neuron 

Stimulus A 
Stimulus B Stimulus C 

• The sparse and variable 
gamma “bubbling” 
separates, in time and 
frequency, attractors for 
different stimuli. 
 

• This allows multiple stimuli 
to be simultaneously held 
in working memory without 
them interfering with each 
other. 
 



Prediction 3: Gamma bursts increase with working memory load 
Multiple items are stored in working memory by different gamma bursts. 

More items = more gamma bursts 

Lundqvist et al (2016) Neuron 

We test the effects of 
stimulus loads of 

1 to 3 



Prediction 3: Gamma bursts increase with working memory load 
Multiple items are stored in working memory by different gamma bursts. 

More items = more gamma bursts 

Lundqvist et al (2016) Neuron 



Prediction 3: Gamma bursts increase with working memory load 
Multiple items are stored in working memory by different gamma bursts. 

More items = more gamma bursts 

This is in contrast to models positing that 
increased working memory load should increase 
the duration of gamma bursting (because each 
gamma cycle stores a different item).  

Lundqvist et al (2016) Neuron 

Lisman and Idiart (1995) 



Prediction 4: Beta and gamma underlie different network states 

Stimulus-evoked gamma, 
beta interrupted 
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“Default” state 
(beta) 

Assembly activation 
(gamma) 

Lundqvist et al (2016) Neuron 



Prediction 4: Beta and gamma underlie different network states 

Stimulus-evoked gamma, 
beta interrupted 

Time (ms) 
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Lundqvist et al (2016) Neuron 



Prediction 4: Beta and gamma underlie different network states 

Stimulus-evoked gamma, 
beta interrupted 

Time (ms) 
Time (ms) 

This can provide a mechanism for regulating access to working memory. 
Turning up or down beta can regulate gamma (and thus assembly activation and 

working memory storage) 

Gamma 

Beta 
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Lundqvist et al (2016) Neuron 



Prediction 4: Beta and gamma underlie different network states 

Stimulus-evoked gamma, 
beta interrupted 

Time (ms) 
Time (ms) 

Gamma carries the bottom-up sensory information held in working memory 
What about beta? 
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Beta 
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Lundqvist et al (2016) Neuron 



Unique patterns of beta coherence (ensembles) for 
 
Rules: 
Pay attention to color vs orientation  
Buschman, T.J., Denovellis, E.L., Diogo, C., Bullock, D. and Miller, E.K. (2012)  Neuron 

 
Categories: 
Spatial categories (Up vs Down) 
Antzoulatos, E.G. and Miller, E.K. (2016) Synchronous beta rhythms of frontoparietal networks support only behaviorally 
relevant representations. eLife 
 
Shape categories (Cats vs Dogs) 
Stanley, D.A., Roy, J.E., Aoi, M.C., Kopell, N.J., and Miller, E.K. (2016) Cerebral Cortex 
 
Dot patterns 
Antzoulatos, E.G. and Miller, E.K. (2014) Neuron 

Top-Down Information is Expressed in Beta (~12-30 Hz) Rhythms 



Prediction 4: Beta and gamma underlie different network states 

Stimulus-evoked gamma, 
beta interrupted 

Time (ms) 
Time (ms) 

In other words, beta-gamma interactions provide a means for top-down knowledge 
(in beta) to regulate the processing of bottom-up sensory information (in gamma) 
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Lundqvist et al (2016) Neuron 



Simultaneous recordings from all cortical layers using “laminar” probes 

Bastos, Loonis, Kornblith, Lunqvist, and Miller (under revision) 

Andre Bastos Roman Loonis 



Delay activity (spiking) is 
mainly in superficial layers 

Superficial layers 
 

Deep layers 
 

Simultaneous recordings from all cortical layers using “laminar” probes 

Bastos, Loonis, Kornblith, Lunqvist, and Miller (under revision) 



Delay activity (spiking) is 
mainly in superficial layers 

Superficial layers 
(feedforward) 

Deep layers 
(feedback) 

Simultaneous recordings from all cortical layers using “laminar” probes 

Bastos, Loonis, Kornblith, Lunqvist, and Miller (under revision) 



Delay activity (spiking) is 
mainly in superficial layers 

Superficial layers 
(feedforward) 

Deep layers 
(feedback) 

Gamma > beta in superficial layers 
Beta > gamma in deep layers 

Superficial layers 

Deep layers 
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More gamma 

More beta 

Simultaneous recordings from all cortical layers using “laminar” probes 

Bastos, Loonis, Kornblith, Lunqvist, and Miller (under revision) 



Delay activity (spiking) is 
mainly in superficial layers 

Superficial layers 
(feedforward) 

Deep layers 
(feedback) 

Gamma > beta in superficial layers 
Beta > gamma in deep layers 

Superficial layers 

Deep layers 

Power 

La
ye

r 

More gamma 

More beta 

Deep layer beta drives 
superficial layer beta 

Beta/ 
alpha 

Granger causal 
analysis 

Simultaneous recordings from all cortical layers using “laminar” probes 

Bastos, Loonis, Kornblith, Lunqvist, and Miller (under revision) 



Delay activity (spiking) is 
mainly in superficial layers 

Superficial layers 
(feedforward) 

Deep layers 
(feedback) 

Gamma > beta in superficial layers 
Beta > gamma in deep layers 

Superficial layers 

Deep layers 

Power 

La
ye
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More gamma 

More beta 

Simultaneous recordings from all cortical layers using “laminar” probes 
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Beta and gamma are negatively 
correlated 

Bastos, Loonis, Kornblith, Lunqvist, and Miller (under revision) 



Superficial layers 

Deep layers 

Controlling Working Memory By Beta-Gamma Interactions 
  

Strong deep layer beta (carrying top-
down info) regulates weaker 
superficial layer beta. 

Superficial layer beta regulates 
superficial layer gamma. When beta 
goes up, gamma goes down, etc. 

This regulates spiking (and the synaptic weight changes) that stores bottom-up info in WM. 

feedforward 

feedback 

Top-down info (and neuromodulators?) 

Bottom-up 
info 

1. Thalamus projects to deep layer 
cortex 
Giguere and Goldman-Rakic (1988). 

2. The  thalamus plays a role in 
regulating cortical feedback. 
Wimmer et al (2015) 
Saalamann et al (2013) 



Conclusions 
 
Sustained activity holds working memories “online” 
• Spiking rides on top of gamma bursts that vary in time and frequency. 
• This isolates different memories so that they don’t interfere with each other.  
• Spikes change synaptic weights, which helps store working memories. 

 
Prefrontal activity absorbs the top-down info needed for goal-directed tasks.  
• There are neural correlates for abstract rules, categories, etc. 
• Beta rhythms help knit together the neural ensembles for top-down information. 

 
Working memory allows the brain to generate its own activity, thereby controlling its own 
thoughts. 
We suggest a mechanism: 
• Beta rhythms in deep (feedback) cortical layers controls the balance of beta/gamma in 

superficial (feedforward) layers. 
• This allows top-down info (carried by deep-layer beta) to regulate the storage of 

bottom-up sensory information riding on gamma bursts in superficial layers. 



The Miller Lab @ MIT Thanks to:  

ekmillerlab.mit.edu 



Sites with top10% of 
spike rates removed 
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