A Appendix

In Section A.1, we highlight some limitations of our work as well as potential directions for future
work. In Section A.2, we discuss the possible negative consequences of our work and ways to
resolve them. In Section A.3,we show the computing resources and code availability. In Section
A4, we report the training details of all experiments. In Section A.5, we introduce the metrics or
measures we use in the paper including AMI score, clustering score, synchrony score, rate score,
and Victor-Purpura metric. In Section A.7,A.8,A.9, we report the experiment details one by one. In
Section A.10, we report further qualitative results on all five datasets (results with different AMI score
are selected). The temporal structure can have diverse properties and interesting features. Lastly, in
Section A.11, we give the proof for the Proposition 1~4.

A.1 Limitations

We highlight several limitations that could possibly be addressed in future works.

Input type. In this paper, the input image is binary and z; as a binary gating variable to SNN layer.
It is desirable to allow real-valued pixels to be the driving signal so that binding can be tested in
real-world situations. It may be solved by soft gating mechanism or other binary encoding strategies
in the future.

Performance. In this paper, we mainly illustrate the idea that properly combining ANNs and SNNs
can lead to emergence of temporal binding representation. But we do not search the hyperparameters
to optimize the binding performance and we only use minimal realization of ANNs (DAE). As a result,
we do not compare the model with other state of art ANN models on unsupervised object-centric
representations. But we believe it is possible that by combining more advancing ANNs models, the
binding performance can be improved as well.

ANN Architecture. We highlight that current DASBE is not the only way to bridge temporal
binding and ANNSs. Actually, DAE is just a minimal realization. Introducing SNN coding space into
various ANNs prototypes (dynamic routing in Capsule net[1, 2], Attention slot[3], message passing
in GNN[4]) can possibly develop more possibilities of temporal binding models.

Learning while binding. In this paper, the binding process is based on pretrained DAE. In futures
works, we hope the model can learn and infer at the same time, perhaps by introducing other ANN
architectures into temporal binding model (Capsule net, Prednet, AttentionSlot) or by designing
training protocol (eg. train if synchrony score is high enough)

Biological modelling. Although the model has several bio-related features, including temporal
binding, phase precession, gamma wave, we do not make quantitative comparison with neuroscientific
data. But the future work will illustrate whether DASBE binding can be a reasonable model for
biological perception.

Evaluation of binding. In the paper, the binding evaluation (AMI score) is based on ground truth
labels. However, in principle, binding (or segregation) is fundamentally multi-stable and do not
have a “ground truth label” at all. In our experiment, we find several situations that the binding is
reasonably convincing and even creative. But the AMI score is low just because the binding differs
from the ground truth. Evaluation of binding is a hard problem and we hope future work can be based
on scores of more flexibility.

Dynamics of SNN. In this paper, we stress the role of feedback attentions on modulating the SNN
behaviors. Thus, inner-layer SNN dynamics is realized in a minimal way, only taking spike firing
and self-refraction into account, ignoring inner-layer recurrent dynamics and Hebbian learning rule
like STDP[5]. But it is interesting to compare the role of inner-layer dynamics against top-down
modulation. Besides the refraction is based on a unified timescale. It is desirable to explore the
functional role of heterogeneous refractory period in future works.

A.2 Broader impact

Combining ANNs with a spike coding space(SCS) allows to flexiblly bind symbol-like entities from
the perceptual input. It is a general architecture that can be initialized in various forms and be used
in a wide range of domains. In our paper, we only consider binding on simple artificially generated



images. However, in principle, it is possible to develop its variant that can bind real-world data and
learn further representations at the same time. And we found that the model can sometimes bind
objects creatively beyond the groundtruth of benchmark. After all, binding itself is an open question,
or even subjective. Thus, to assess whether the model binds or learns in unwanted ways, one can
visualize the spiking representations as we did in the paper. However, if the representaion goes deeper
within the hierarchy or the scene is not human interpretable, more work is required to develop the
general visualization or analysis method, which can serve as a step towards more transparent and
interpretable binding.

A.3 [Experiment resources and code availability

All experiments have been performed on ubuntul~16.04.12 with device: CPU(Intel(R)Xeon(R) CPU
E5-2640 v4 @ 2.4GHz) and 4 x GeForce RTX 2080 Ti. The python version is 3.6.3.

The code for results in this paper can be found on Github: https://github.com/monstersecond/DASBE

A.4 Training details
The details of training neural networks for temporal binding are as follows:

1. Multi-MNIST uses contractive-autoencoder. Hierarchical Feture Binding ueses autoencoder
with spiking hidden layer. Moving Shapes uses recurrent hidden layer which hidden layer
h:+1 at step ¢ gain inputs from the encoder network Encoder(X) and the previous value
of hidden layer h;. The function of its recurrent hidden layer can be writen as hy+1 =
Sigmoid(W, - hy + W, - Encoder(x) + b).

2. Loss functions are all Binomal Cross Entropy Error (between input and reconstruction)
except Multi-MNIST which uses an additional contractive loss [6] as regularization and
Moving Shapes which uses mean-squared loss.

3. All networks are trained with stochastic gradient descent (SGD).

4. Minibatch size is show in table 1. Sepecially, for RNN used in Moving Shapes, its minibatch
size is 32 and the time step length of each sample is 10 (shorted for 32(20) in the table 1).

5. Encoder networks, decoder networks are set according to table 1 with Sigmoid output layer
and ReLU for internal activation funciton.

6. Learning rate is set according to table 1.

7. Noise is set according to table 1. The meaning of 0.6~0.8: First, randomly choose a
probability p between 0.6 to 0.8 according to uniform distribution; Second, randomly
change 1 to 0 with probability p. For noise setting in Moving Shapes, P(remove)=0.2 means
randomly remove a frame with probability 0.2, P(1—0)=0.5 means randomly change 1 to 0
with probability 0.5, P(0— 1)=0.05 means randomly change 0 to 1 with probability 0.05.

8. All datasets early stop when validation loss does not decrease for more than 40 epochs
except Moving Shapes which is 25 epochs.

9. We use Back Propagation Through Time (BPTT) to train the spiking neural networks [7].

A.5 Metric
A.5.1 AMI score

Similar to the earier work [8], we use the Adjusted mutual information (AMI)[9] score to measure the
binding performace because AMI is a score that measures the clustering similarity with invariance
to permutations of grouping labels. In this work, the AMI score compares the clustering result of
K-means against the ground truth segmentation. The K-means clusters each spiking neuron into
one of the K + 1 groups (an additional group for background) according to their spike train with
latest Npqcr X Tdelay time steps. Each spike train is pre-processed by smoothing with an exponential
filter with 7ymooth = 1 and decay factor 0.5, so that the distance measure between spike trains
can be tolerant to slight spike timing shift within timescale tat s o0th- Npack = 10 in quantitative
evaluation. The dataset and ground truth are all synthetic and the code can be found in Github. Origin
code in [8] is available at https://github.com/Qwlouse/Binding
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Table 1: Details of training neural networks

learning . minibatch
Dataset Encoder Decoder rate noise size
FC(400, 100) FC(100, 400)
Bars Sigmoid() Sigmoid() le-2 0.6 0.8 1024
FC(784,512) FC(400, 512)
ReLU() ReLU()
Shapes FC(512, 400) FC(512, 784) le-2 0.6 0.8 1024
Sigmoid() Sigmoid()
FC(784,100) FC(100, 784)
Corners Sigmoid() Sigmoid() le-2 0.6 0.8 1024
FC(784, 250) FC(250, 784)
MNIST+Shapes Sigmoid() Sigmoid() 3.1685e-2 0.6 128
. FC(2304, 500) FC(500, 2304)
Multi-MNIST Sigmoid() Sigmoid() le-4 0.6 1024
FC(784,600) FC(1600, 350)
ReLU() ReLU()
FC(600, 400) FC(350, 400)
Hierarchical RelLU() ReLU()
Feature Binding FC(400, 350) FC(400,600)  1€73 06 512
ReLU() ReLU()
FC(350, 1600) FC(600, 784)
Sigmoid() Sigmoid()
e crnoms Rk SO0l SO0 Pemove) =02
Moving Shapes FC(600, 300) FC(600, 784) le-3 P(@ 0)=05 32 (20)
Sigmoid)  Sigmoid() P(@ 1)=0.05

A.5.2 Silhouette score

Silhouette coef cientl(] is a score to evaluate the quality of clustering by measuring the inner-group
coherence. The score is calculated using average intra-cluster distance (a) and average nearest-luster
distance (b). The score is computedlbs a)=max(a; b). The distance is Euclidean distance by de-

fault and can be rewritten. We use Euclidean distance to measure the "clustering score" or "K-means
score", which describe the clustering quality of K-means (eg. at the begining phase of binding, the clus-
tering quality is low and at the convergent phase, the clustering quality is higher). The document can
be found at https://scikit-learn.org/stable/modules/generated/sklearn.metrics.silhouette _score.html.

A.5.3 Victor-Purpura metric

Victor-Purpura metric is a kind of edit distance introduced 1] jn 1996 to evaluate temporal coding
in cortex recording. The distance between two spike trains is de ned as the minimum transformation
cost from one to the other. The transformation is consist of three elementary operation:

1. Add: the cost of adding a spike at certain time poirtt.is
2. Delete: the cost of removing a spike at certain time poift is

3. Shift: the cost of moving a spike from one time point to another time poipt ist. (Theqis an
important parameter andt is the length of time shift.)

The minimum is computed across all possible transformation path between two spike trains. The
operation of adding and deleting ensure that there are at least one legal path. Examples can be found
in [11]. It can be proven that Victor-Purpura metric satisfy the principle of (1) positivity, (2) symmetry
and (3) triangle inequality[l]. Thus, with Victor-Purpura metric, spike train of different length
construct a metric space. Unlike Euclidean metric, the Victor-Purpura metric is non Euclidean and


https://scikit-learn.org/stable/modules/generated/sklearn.metrics.silhouette_score.html

does not require a uni ed length of vectors. And it explicitly measures the timing difference by the
Shift operation.

It is notable that the parametgican determine what quantity the metric measures. On one hand,

if g = 0, then shifting the spike will not cause any cost and the metric only measures the spike
count (independent of ring time). On the other handgif1 , then shifting spikes always cause
larger cost by " rst adding then deleting”. Thus, the metric count the number of spikes that are not
"perfectly" synchronized, a harsh measure of synchrony. Tdoan be regarded as a time-scale
parameter, modifying the metric between pure ring rate measure and pure synchrony measure. We
realize computing this metric by dynamic programming strategy.

A.5.4 Synchrony score and rate score

To evaluate the temporal binding and analyze time coding representation, it is essential to know
the temporal structure of the spikes. In our case, it is the spiking synchrony. And the synchrony
events are not global, but related to the grouping of features. The challenge of the evaluation is the
following: (1) the spiking patterns themselves do not construct a linear space. And commonly used
metric (like Euclidean metric) can not distinguish temporal structure from others (like ring rate) (2)
The synchrony may not be perfect, but has a relatively small error range. The metric should be able
to bear with such case. (3) The synchrony is not global, but more like the cluster synchrony[12].

Motivated by the challenges above, the synchrony in the binding process is measured by Silhouette
coef cient based on Victor-Purpura metriq (arge). Here, spiking synchrony is de ned as the
temporal coherence level inside each cluster and such timing structure is explicitly measured by the
Victor-Purpura metric. On the contrary, the rate score is measure by Silhouette coef cient based on
Victor-Purpura metric when g is 0. We nd thafj'= 1=3"is good enough to measure the synchrony
level in this work (synchrony score changes little fpr> 1=3, partly becaus8 is a characteristic

time scale in this work.). In sum, the K-means clustering is performed rst and then synchrony score
is computed based on the grouping result.

A.6 Details for Tablel
A.6.1 Dataset

The examples of ve datasets we use in training and testing are demonstrated in Fig.1.

Figure 1. Examples of ve datasets.(a) Bars (b) Shapes (c) Corners (d) Multi-MNIST (e)
MNIST+Shape. The upper black-white gure is input image and the bottom color gure is the
ground-truth grouping

Bars (Fig.1a), introduced byl[3], are to demonstrate unsupervised learning of independent compo-
nents of an image. Here, we use the modi ed version fram §], which place 6 horizontal and 6
vertical full-length lines in random position in the image. Since the number of object is large, this
dataset can test the binding ability of relatively larger number of objects
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