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Abstract. Understanding the neural mechanism of object recognition is one of the fundamental challenges of visual 

neuroscience. However, little is known about how the information about a whole object and its parts are represented 

in inferior temporal (IT) cortex. To address this issue, we focus on the neural mechanism of face perception. To 

investigate the mechanism, we made a model of IT cortex, which performs face perception via an interaction between 

different IT networks. The model was made based on the face information processed by three resolution maps in 

early visual areas. The network model of IT consists of four kinds of networks, in which the information about a 

whole face is combined with the information about its face parts and their arrangements. We show here that the 

learning of face stimuli makes the functional connection between these IT networks, causing synchronous firing of IT 

neurons. The model seems to be compatible with experimental data about dynamic properties of IT neurons. 
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1   Introduction 

We can recognize rapidly and effortlessly complex visual scenes. Such amazing ability in visual recognition needs the 

effective processing of visual information along the multiple stages of visual pathways. Neurophysiological 

experiments have provided evidence for a “simple-to-complex” processing model based on a hierarchy of increasing 

complex image features. It has been also shown that inferior temporal (IT) cortex is shape-selective [1,2]. However, 

little is known about how the information about a whole object and its parts are represented in IT cortex. To address this 

issue, we focus on the neural mechanism of face recognition. It is a good model system for studying the neural 

mechanism of object recognition, because face is a whole image that consists of its parts such as eyes, nose, and mouth.  
 Recent experiments have reported dynamic responses of IT neurons in face perception. Hirabayashi and Miyashita 

[3] demonstrated that the IT neurons exhibited different responses in spike synchronicity for face and non-face images. 

Face-like objects elicited neuronal activities that were more correlated than the corresponding non-face like objects, 

whereas the firing rates of the same neurons did not show a significant difference. Sugase et al. [4] found that single IT 

neurons conveyed two different scales of facial information in their firing patterns, starting at different latencies.  They 

showed from the statistical analysis for spikes of IT neurons that global information about categorization of visual 

stimuli was conveyed in the early part of the responses, and fine information about identity and expression was 

conveyed later. However, less is understood the neural mechanism underlying the dynamic properties of IT neurons in 

face perception.     
   In the present study, we present a model of IT cortex, which performs face perception via an interaction between 

three IT layers and face recognition layer (FRL). The three IT layers encode the information about face features 

processed by V4 maps with different spatial resolutions. We show using the computational model that the spike 

synchronicity between the IT layers and FRL is needed to make functional connection between these layers by the 

Hebbian learning. After the learning, the information about a whole face and its parts are combined by the synchronous 

firing of these layers, leading to a face perception. The feedback from FRL to IT layers allows monkey to perform 

“global-to-fine” perception of faces.    

2   Model 

The network model of face perception is shown in Fig. 1. The model consists of three IT layers and face recognition 

layer (FRL). ITX (X=B, M, F) receive the information of face image processed by three V4 layers with different spatial 

resolutions. The ITB encodes the outline of retinal image with a broad spatial resolution. The ITM encodes the essential 

features of face parts and their arrangements, which are represented by V4M with a middle resolution. The ITF encodes 

the fine features of face parts such as eyes, nose, and mouth, by binding the information of fine features encoded by 
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V4F. The FRL combines the information of three IT layers, and represents a unique image of face stimulus to perform 

the identification of faces. The ITB is a model of posterior IT. The ITM and ITF layers are based on an experimental 

study, in which it was reported that neurons in anterior IT responded selectively to a spatial arrangement of object parts 

and their features [5]. The model contains the FRL layer, because it was demonstrated that neurons conveying both 

global and local information of a face stimulus were found mainly in anterior IT [4].  

 

            
Fig. 1. The neural network model of IT cortex. The ITX (X=B, M, F) receive the outputs of V4X with different spatial 

resolutions. The “B”, “M”, and “F” mean the broad, middle, and fine resolutions, respectively. FRL(Face recognition 

layer) has the neurons tuned to different faces.  

 

  The neurons of IT layers and FRL were modeled with Hodgkin-Huxley model [6], because we focus on the neural 

mechanism underlying the spike synchrony between these layers. The membrane potential of ith neuron in ITX layer 

(X=B,M,F), ITXiV , , is determined by  
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where Cm is the membrane capacitance. gz(z=Na, K, Cl) are the channel conductance of ion z, and m, n, and h are the 

probability with which the channel is in the open state. IFF and IFB are the feedforward and feedback currents, 

respectively. These currents were calculated with synaptic currents described by function. The membrane potentials 

of FRL neurons were also determined by the Hodgkin-Huxley equation similar to Eq. (1).   

The weights of synaptic connection between ITX and V4X (X=B, M, F) were learned with Kohonen’s self-

organized maps [7]. After the learning, the feature detective neurons responding to outline of faces were organized in 

ITB layer, the neurons responding to the arrangement of face parts were done in ITM layer, and those responding to the 

face parts such as eyes, nose, and mouth were done in ITF layer.  

The neurons in three IT layers and FRL are reciprocally connected with synapses, as shown in Fig. 1.  The synaptic 

connection between ITM and ITF and the connections between FRL and ITX (X=B, M, F) were made based on 

Hebbian learning. Then the weight of synaptic connection between ith neuron in X layer and jth neuron in Y 

layer, )(, twZ

XYij
, is determined by  
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where iXS  and iYS  are the neural activities in ith neuron of X layer and jth neuron of Y layer, respectively, each is 

described by synaptic activity with -function. Z=FF, FB, where FF and FB mean the feedforward and feedback 

connections, respectively.  

 We used two face objects and two non-face objects, as shown in Fig. 2. Non-face objects have a random 

arrangement of face parts. In the learning period of face, face stimuli were frequently presented, while non-face 

stimulus was rarely presented. For we encounter various faces every day, but we do rarely faces with random 

arrangement of their parts. The duration of stimulus presentation was 1500 msec, and the time interval between the 

current presentation and the next one was set to be 500 msec.  
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a)                                   b) 

 

 
 
Fig. 2. Face objects (a) and non-face objects (b) used in the learning.  

3 Results 

3.1 Emergence of spike synchronization between the layers involved in face perception 

 

Figure 3 shows the temporal variations of spiking of ITM and ITF neurons during the Hebbian learning. The spike 

synchronicity between ITM and ITF neurons in response to face stimulus gradually increases as the learning proceeds, 

whereas that in response to non-face stimulus does not increase.  The difference in the synchronicity comes from the 

frequency of stimulus presentation. The frequent presentation of face stimuli facilitates the Hebbian learning of synaptic 

connection between ITM and ITF neurons, as shown in Fig. 4, because the frequent presentation causes the increased 

chance of coincident spiking of ITM and ITF neurons. The spike timing of both neurons becomes closer as the number 

of coincident spikes are increased, resulting in the increase of the learning efficacy of synaptic weights. That is, the 

coincident spiking causes the increased efficacy of the learning, and the increased synaptic weight facilitates 

synchronous firing of ITM and ITF neurons. Thus, the synaptic change induced by the coincident spiking and the 

synchronous firing interact with a positive feedback loop. In contrast, the presentation of non-face stimuli does not 

facilitate the synaptic learning, as shown in Fig. 4, because infrequent presentation of non-face stimulus causes little 

chance of coincident spiking of ITM and ITF neuron. The result shown in Fig. 4 is consistent with a concept previously 

proposed in which connectivity between cortical areas is organized to support specific types of discrimination [8].  

 

 
Fig. 3. Temporal variations of spiking of a pair of ITM anf ITF neurons. Responses of these neurons to a face stimulus 

(a) and a non-face stimulus (b). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4. Temporal variations of the weights of synaptic connection from ITM to ITF neurons. The solid and dashed lines 

represent the synaptic weights in the application of a face stimulus and a non-face stimulus, respectively. 
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3.2 Synchronous firing of ITF neurons in face perception 

 

Figure 5 shows the firing properties of ITF neurons during face perception after the learning. The presentation of face 

stimulus causes the synchronous firing between ITF neurons encoding face parts, as shown in Fig. 5a. Although these 

ITF neurons are not directly connected with each other, the connections of them with ITM and FRL neurons allow the 

ITF neuron to fire synchronously. In contrast, the presentation of non-face stimulus does not cause the synchronous 

firing between these ITF neurons, as shown in Fig. 5b. This is due to the absence of the connections of the ITF neurons 

with ITM and FRL neurons. The firing rates of the ITF neurons are almost the same in the responses to face and non-

face stimuli, as shown in Fig. 5c. These results are in agreement with the results by Hirabayashi and Miyashita [3].  

 
Fig. 5. Response properties for a pair of ITM neurons encoding the features of eye and nose. Cross-correlations of the 

spikes of these neurons in response to face stimulus (a) and non-face stimulus (b). (c) Firing rate of these neurons for 

face and non-face stimuli. The solid and dashed lines indicate the firing rates for face and non-face stimuli, respectively. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6. Scatter grams showing peak heights of cross-correlations and mean firing rates for pairs of ITF neurons, elicited 

by FO and NFO in the period of 0-400 ms after the stimulus onset.   

We extended our model in order to account for other experimental data by Hirabayashi and Miyashita [3]. The 

extended model consists of multiple neurons of ITM, ITF, and FRL, each of which has a different responsibility to the 

arrangement and part of a face and the whole face, respectively. The difference of responses results from the different 

conductance values of Na- and K-channels involved in the neuron model. These neurons are randomly and weakly 

connected with each other in each layer.   

 Figure 6 shows the scatter grams showing peak heights of cross-correlations and mean firing rates for pairs of ITF 

neurons, elicited by FO and NFO. The peak height of the cross-correlation for FO is significantly higher than that for 

NFO. On the other hand, the firing rates are highest for FO and NFO at the population level, but do not reveal 
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significant dependence on the feature configuration. Thus the neuronal correlation is modulated in feature configuration 

of a whole face within 400 ms after stimulus onset.  

 

3.3 Role of ITB layer in face perception 

 

Figure 7a shows the responses of FRL neurons to face 1 stimulus. In the early period of face perception, the FRL 

neuron tuned to face1 and that tuned to face 2 have the increased firing rates, as shown in Fig. 7a, because the FRL 

neurons receive the information about the broad image of face 1 encoded by ITB layer. After the early period, the FRL 

neuron tuned to face 1 keeps the firing rate, while the FRL neuron tuned to face 2 decreases the firing rate, and then 

becomes silent, as shown in Fig. 7a The difference in the firing rates of FRL neurons comes from the binding of the 

information of top-down signal and the information about the details of face1 encoded by ITM and ITF. The result is 

consistent with the result by Sugase et al. [4].  

    To examine the role of top-down signal from FRL to ITM and ITF layers, we eliminated the connection between 

ITB and FRL. The elimination prohibits the generation of top-down signal, resulting in a delay response of FRL neuron 

to face 1 stimulus, as shown in Fig. 7b. This indicates that the top-down signal from FRL to ITM and ITF is required for 

the fast discrimination of face. ITB sends broad but fast  

 
Fig.7. Raster plots of the firing of FRL neurons tuned to face 0 and face 1. The plots are shown in the presence (a) and 

absence (b) of the connection between FRL and ITB.  

 

information about face stimulus to FRL, sending a top down signal from FRL to ITF and ITM and giving the 

information about possible faces. Then the refinement of the relevant face is made by the combination of the top-down 

signal and the feedforward signals received by ITM and ITF neurons. 

 

 

4. Conclusion 

 
In the present study, we have presented a model of IT cortex, which performs face perception via an interaction between 

the three IT layers and FRL. The spike synchrony, induced by the learning due to coincident spiking, is needed to make 

the functional connection between the IT layers and FRL. After the learning, the information about a whole face and its 

parts are combined by the synchronous firing of the IT neurons. Furthermore, “global-to-local” processing of face 

information could be mediated by the top-down signal from FRL to ITM and ITF layers, elicited by the fast 

feedforward signal from ITB to FRL. Further studies are required to understand the mechanism underlying efficient 

processing of information about various faces in IT cortex.     

 

References 
 

1. Logothetis, N. K., Sheinberg, D.L.: Visual object recognition. Annu. Rev. Neurosci. 19, 577-621 (1996) 

2. Tanaka, K.: Inferotemporal cortex and object vision. Annu. Rev. Neurosci. 19, 109-139 (1996) 

3. Hirabayashi, T., Miyashita, Y.: Dynamically modulated spike correlation in monkey inferior temporal cortex 

depending on the feature configuration within a whole object. J Neurosci. 25, 10299-10307 (2005) 

4. Sugase, Y., Yamane, S., Ueno, S., Kawano, K.: Global and fine information coded by single neurons in the 

temporal visual cortex. Nature 400, 869-873 (1999) 

5. Yamane, Y., Tsunoda, K., Matsumoto, M., Phillips, A.N., Tanifuji, M.: Representation of the spatial relationship 

among object parts by neuron in macaque inferotemporal cortex. J. Neurophysiol. 96, 3147-3156 (2006) 

6. Koch, C. : Biophysics of Computation. Oxford Univ. Press, New York (1999) 

7. Kohonen, T. : Self-organized Maps. Berlin, Springer-Verlag (1995) 

8. Coward, L.A.: The recommendation architecture: Lessons from large-scale electronic systems applied to cognition. 

Cog. Syst. Res. 2, 111-156 (2001) 

a) b) 

22

Volume 11, No. 1 Australian Journal of Intelligent Information Processing Systems




