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AesrRlct

Relating cell response to stimulus parameters is an important analytic method

by which neural systems are understood. We inferred neurally encoded stim-

oirrc p.ru*"ters by training artificial neural networks to predict single cell re-

sponse to auditory stimuli. A relatively simple time-delay architecture modeled

each cell. For three cells, models successfully predict response to complex song

stimuli based on optimization using much simpler artificial stimuli. For these

models, average error predicting song response is less than 40% of. the cell's

response variance. Model parameters are directly comparable to stimulus pa-

rameters and thereby estimate a neuron's spectro-temporal receptive field. We

show that variation in model parameters can be used to assess cell sensitivity

to stimulus parameters-

INrRopucrtoN

There is considerable evidence that the functional properties of neurons in a
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sensory system vary along several peripheral to central hiera"rchical axes. In
the auditory system, peripheral neurons typically respond to simpre stimuli
such as noise and tone bursts. At higher levels of the auditory system, neurons
can exhibit complex responses for species-specific combinations of spectral and
temporal elements. Ironically, "top-down" analysis may be easier than analysis
ofspecies-specific processing in neurons at intermediate levels, because neurons
that exhibit well-characterized responses to simple stimuli may exhibit complex
responses to complex stimuli. Techniques for elucidating cell properties that
underly complex response include reverse correlation (De Boer and De Jongh,
1978), spectro-temporal receptive fields (Aertsen et al., 1980), and stimulus
reconstruction (Bialek et al., 1991). Complex stimulus encoding can also be
assessed using artificial neural network architectures that are minimal and/or
homologous with stimulus structure.

we modeled neurons located in the thalamic zebra finch nucleus ovoidalis (ov).
OV is tonotopically organized and many of its neurons respond most strongly
to a characteristic frequency (CF) with a sustained response (Bigalke-Kunz
et al., 1987). Other neurons have tonic, phasic/tonic, and inhibitory responses
to stimuli. Response to complex stimuli such as song is quite complex, but is
sometimes predictable from response to simple stimuli (Bankes and Margoliash,
1993). Our modeling of OV neurons addresses several general questions: (1)
Can a model predict response to complex stimuli (e.g., bird song) from response
to simple artificial stimuli? (2) Are all cells having similar response profiles
equally well modeled? (3) Do model parameters relate to stimulus parameters
and thereby reveal cell sensitivities?

Mprsops

single-unit neuronal data were collected extracellularly from three urethane-
anesthetized zebra finches (Taeniopygia guttata) (Diekamp and Margoliash,
1991). Data were collected during presentation of 5-10 repetitions of broad-
band noise, tone bursts, harmonic stacks, frequency modulations, and ampli-
tude modulated noise, as well as the bird's own song (BOS) and conspecific
songs. For each cell, a stimulus set typically comprised response to 10 repet!
tions of approximately 400 stimuli.

We modeled only a subset comprising 14 cells that had simple tuning curves
displaying tonic or phasic/tonic responses. The modeled responses were 3-
point averages of 6.4 ms peri-stimulus time histograms (PSTHs) scaled linearly
onto the interval [0.1,0.9]. Stimuli were represented by separate spectral and
amplitude codes. The spectral units comprised FFT bins of Hanning-filtered
windows of 12.8 ms, stepped at 6.4 ms. Spectral range was limited to 500-8000
Hz, resulting in 43 spectral inputs per 6.4 ms frame. RMS amplitude (30-g0dB)
was represented by either a thermometer or interpolation code over 11 input
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Figure 1: Response (solid line) and model prediction (dashed line) of cell or331

ptottea above the spectrogram of one song fragment (R2 = 0.77). The model

was trained on artificial stimuli only.

units. This choice did not affect model performance, but only the interpolation

code induced weights that qualitatively fit a cell's amplitude sensitivity derived

from response to amplitude variation of white noise stimuli.

Numerous network architectures were investigated, including time-delay neural

networks (TDNNs) with several hidden units (Lang et aI., 1990), linear feed-

forward and recurrent networks. Only TDNN and recurrent networks fit the

data weII, and only the performance of the former extrapolated from artificial

stimuli to accurately predict response to natural stimuli. we trained TDNN

networks having a single output unit, one to several hidden units, a.nd delays

of 0-186 ms. The architecture having a single hidden unit we hereafter refer

to as the canonical architecture. Networks were trained using a gradient de-

scent technique so that the output unit predicted a cell's firing rate (PSTH) in

response to an acoustic stimulus. An example is shown in Figure 1. Twenty

percent ofthe training data was reserved for cross-validation, and was therefore

not used during training. Network parameter optimization was halted when the

smoothed average sum squared error for the validation set increased'

Cells vary widely in their overall responsiveness to stimuli. To evaluate model
performance across cells we adopted the cofficient o! determ'i,nation, R2 :

t - (DLo@(t) - m(t))2lDLo(y(t) - 9(t))"), where e(t) is cell response, g(t)

is mean cell response, rn(t) is model prediction, and T is the stimulus duration.

This measure varies between -oo and 1.0 and indicates the size of error relative

to variation inherent in a cell's response.

Rpsulrs

The canonical architecture captured most response variance in all 14 cells: for

each cell, networks trained on a subset ofsong and artificial stimuli predicted the

response to all songs and artificial stimuli with an average ft2 > 0.5. For three

cells, networks that trained on artificial stimuli predicted response to song (fi2 >
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Figure 2: Prediction of response to song when trained with artificial stimuli or
song and artificial stimuli.

0.6). successful modeling of a cell's response properties is often measured by the
model's ability to interpolate properly between examples in the training data
set and thereby predict response to similar stimuli. In this case, we have found
network models that extrapolate to predict response to an entirely different
and more complex type of stimulus. An example of extrapolated response is
shown in Figure 1. The extrapolation from simple to complex stimulus types
demonstrates that the response of these three cells to complex stimuli is highly
predictable from their response to much simpler stimuli. For one cell, a model
trained on only song stimuli predicted responses to artificial stimuli (ft2 : 0.55).
Network models demonstrate how response to one stimulus type is predictabie
from response to another type, thus increasing our certainty that the model has
accurately estimated specific paxameters governing cell response.

while models extrapolated well for 3 cells, our results also suggest that not
all ov neurons are equally simple. The extrapolation results (Figure 2) vary
greatly across the set of modeled cells. The model may fit two cells equally, but
extrapolation will be vast different (e.g., o1032 and pn112). There is also varia-
tion in the complexity of networks that extrapolate. we find that models tend
to encode the low frequency components of responsel rapid, highry-nonlinear
responses are better fit by networks having 2-4 hidden units. For 8 cells, a
greater number of hidden units is associated with poorer extrapolation from
artificial stimuli to song. For 5 cells, models having 2 hidden units extrapolate
equally with the canonical architecture, and in one case a network having two
hidden units extrapolates to song substantially better (R2 = 0.40 vs. 0.06).

cell response types can be further delineated by network parameters. Networks
represent spectral, amplitude, and temporal sensitivities based on response
to both simple and complex stimuli. We therefore compared networks with
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Figure 3: STRF plot for cell o1521 derived by tone bursts (left) and song (right).

a similarly general technique that estimates spectro-temporal receptive fields

(STRFs) (Aertsen et al., 1980). STRF analysis compares the average spec-

trogram preceding individual spikes with an average preceding random events.

To speed analysis here, STRF plots were created by using the PSTH values
to weight spectrograms (128 point FFTs, stepped 3.2 ms). Comparison with
spike-triggered sTRFs revealed no important differences between the two pro-

cedures. Figure 3 shows an examples of two STRFs, one created from tone

bursts, the other from song. The song-derived STRF has a much broader peak,
'and 

post-stimulus inhibition is more appaxent in the tone-derived STRF-

We compared best frequencies derived for song stimuli from networks and

STRFs. For most network models of cells the weights connecting input and

hidden units approximate the tuning curve estimated from responses to a set

of sinusoidal stimuli. Best frequencies were determined from network weights

by selecting the la.rgest spectral weight. For sTRFs, best frequencies were as-

su*ed to at the frequency associated with the maximum peak value- The 12

correlation coefficient for best frequencies determined from song by STRF and

network weights was 0.85. Networks and STRF best frequencies correlated with

the characteristic frequency determined from tone burst data with r2 : 0.40

and 0.52, respectively. This much lower correlation was due to 3-4 bad matches.

We have thus far not determined the source of disagreement between best fre-
quencies determined by analysis and CFs derived from tone burst data.

Time delay weights from the hidden units to output unit are often initially
positive for delays of 25-50 ms followed by negative weights for 25-50 ms. one

difficulty with the sTRF analysis is that it does not indicate a causal relation-
ship, nor does it reveal whether single parameters or conjunctions of parame-

ters (e.g., two peaks in an STRF) are associated with cell response. Causality
can be demonstrated in a predictive model via variation of model parameters

and measurement of subsequent performance deficits (Bankes and Margoliash,

1993). Similarly, parametric variation allows us to assess cell sensitivities. For

example, temporal integration of the three best-modeled cells was examined
by training networks having a range of delays from 0-186 ms connecting hid-
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den units to the output unit. For each cell, there is a duration beyond which
performance does not improve with increasingly long integration periods. This
occurs at about 100 ms (90 ms after correction for 7-10 ms response latency).
Thus, for the variance captured by the models, we conclude that these cells
have integration windows of no more than g0 ms.

SuutvrlRY AND CoNCLUSIoNS

This modeling study demonstrates that the majority of the variance of the mod-
eled ov cells can be related to stimulus properties. For several cells, a model
that is trained to predict response to artificial stimuli also predicts response
to song. Thus, even the relatively simple neurons modeled here do not repond
independently from stimulus type. Model parameters directly reflect important
cell properties (e.g., best frequency). These observations demonstrate that net-
work models of cell firing rates can be used to determine important physiological
characteristics not apparent from response to complex natural stimuli.
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