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Note S1 - Dynamic Attention Model

The proposed dynamic density topological structure is called dynamic density growing neural gas (DD-GNG). The sensors data
P compose as 3D vector position x as the input of the model, where the total number of input is set as p.

Random sampling input data with important selection

In the proposed model, the random sampling strategy is the important part. We use 3D point cloud information from depth
sensors as the input of the proposed model. The number of random sampling is notated by A set around 3% of total sensor data
(P). Random sampling selection is based on the distance of node from suspected nodes. The illustration of random sampling
strategy can be seen in SM Figure. 1.
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SM figure 1. Illustration of random selection strategy by considering the suspected nodes.

Learning Epoch

In the conventional model of topological learning model, using competitive learning', some of them using fuzzy C-means
which has local property with minimum convergence®>. However using the conventional competitive learning method for
dynamic granularity of node with controlled random selection make the generated topological structure is not stable. Therefore,
we use two-layer learning process which composed as fine-tuning and coarse tuning. The fine-coarse tuned learning strategy is
also used for improving the effectiveness of multilabel classification framework®. This strategy also has been use for classify
meaningful point cloud data®. In our proposed method uses two-step competitive learning method. Fine tuning is used to
process random selection of 3D point cloud data associated with suspected node explained in Section . Coarse tuning is used to
process the overall random selection of point cloud. After processing random selection. we update the winner node and its
connected node in every selected random. The mathematical model can be seen in the following equations.

A
hS] (t+1) = Zhs1(11)+#(vn_hs1(n)) (D
n=1
A
hi(t+1) = hi(t)+ Y u(vn—hi),if ¢, = 111 <i<N 2)
n=1

Where, s1(n) is the winner node in nth selected node calculated in Equation (10).

Strength’s Node Calculation

To find the important area required to be increase the granurality of the node, we analyze the strength of the node by calculating
the direction of normal vector and the magnitude of the normal vector as feature extraction. Some researcher use the eigen
vector of 3D covariance matrix from assined point and its neighborhood to describe 3D local properties. The value of curvature
is indicated by the minimum eigen value in eigen vector of covariance matrix®’. The change of curvature also can be calculated
by generated eigen value A3/(A; + A2 +243)8. This method is efficient if the facet or triangulation information undefined.
Then, it composes less information which only composed as geometrical characteristic. In our proposed model, the facet or
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SM figure 2. Illustration of strength node calculation by vector projection. A) Gray color represents unused information and
blue color represent considered information related with ith node. B) Calculating the number of facet and vector unit between
ith node and its neighbors. C) representing the normal vector unit in each facet. D) calculating the average vector value

triangulation of the topological structure is defined. We calculate the properties based on vector projection. Therefore, normal
vector of facet and strength of node can be acquired. The illustration of strength’s node calaculation can be seen in SM Figure 2.
The strength value of ith node is calculated from these following equations

& = [lwill 3)
Nfi

W = Z Vi j “4)
=1

Where w; is the normal vector of the ith node. It is calculated based on vector average of facet normal vector associated to
ith node (v; ;). Nf; is the number of facet associated with ith node. Normal vector of jth facet in ith node calculated in this
following equation

R Wij1 X dijo .
Vij= o ——,J€H,; (5)
S g <l

hi—h;
h= e 6
ul,] ||hl_hJH7.] 1 ( )

H; is the facet information associated with ith node composed as the facet id and connected nodes. #; ; is the vector unit between
Jjth and ith node.

Node Addition and Deletion

Node Addition

The number of node’s addition process is defined before hand. The node addition (rnode) is inserted in the center edge between
a node (g) with highest maximum accumulated error and a node (f), with highest error among neighbor’s nodes of ¢ node,
calculated as follow

h, = 0.5(h,+hy) @)

The accumulated error of ¢ and f node is decrease 50%. Accumulated error value of r node is set as the error value of g node.

4/18



Node deletion
The node will be deleted if there is no connection with other nodes.

Flow of process
In step 0, the model perform the initialization process. We generates two nodes with random position in selected n—dimension
spaces (h1,hy,in R"). The edge value is set zero (c; ; = 0,V;V;). We set a value of set of node with 2 initial nodes (A = 1,2).
The number of node is set by 2 (r = 2).

In step 1, It generates random sampling (v) of the input data from sensors, with the number of sampling is set as A.

v, =P, forl <t<A,acp (8)

The value of ¢ is set to 0.
In step 2,the learning process will be performed with coarse tuning. We process ¢th generated sample data (v;)

v =P, forl <t<A,acp 9

Then we find two nearest node id (s1, s2) from selected #th sampling data (v;).

s1 = argmin||w- (v, — ;)| (10)
i€A

§p = argmin||w- (v, — h;)]| (11)
iEA\S]

If the edge value between s1th node and s>th node is not connected, then the value set to 1, ¢, 5, = 1;¢y, 5, = 1;. Then the age
of edge between s;th node and s>th node is set to 0 (g5, 5, = 0).
In step 3, we update the accumulated error of node s .

E512E81+|‘W'(Vt_h81)‘| (12)

Usy = Usy +[[w- (v = b)) [[=[Iw- (v = B ) (13)

In step 4, learning update is processed explained in Section .

In step 5, we calculate the edge of the nodes. g;5, = 1, g5, = 1, if ¢; 5, = 1 and i € A. If the value ofg; s, > gmax, then the
value of edge between ith node and s1th node will be disconnected (c;,1). If some node there is no connection with other nodes,
then the node will be deleted.

In step 6, we perform node addition including node deletion.
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Note S2 - Affordance Detection Module

If there is a nonhomogeneous normal vector for any area, the AD module ask DA module to increase area’s node density by
sending the strength of node ffi in Eq. (14). For movement related commanding in microscopic level, AD module will send the
object affordance information composed as centroid posision (C,) calculated as C, = 1/Ny ):Z]]VA h;(for &; > A), and object
boundary size calculated as R, = max(h; — C,). Furthermore, the DA module also provide topological structure A with vector

of curvature in each node w and strength of node ffi to LER module in mesoscopic level.

5 o (rl—pl)

k= L e rtl—nl) (14)
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S(P) =02+ (15)
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Representing Cortex and SC Integration

The accuracy of the affordance depends on the degree of awareness and attention. Depending on the accuracy of the perception,
affordances can be wrongly perceived °. Awareness and attention are certainly closely related but perhaps not inseparable.
When I are walking, our attention may not be focused on the path, however, the attention typically shifts toward the path
when danger is noticed '°. It seems that some unconscious knowledge tells the conscious self to “look out”. In fact, the
perceptual—cognitive system is continuously processing, though our awareness of it is minimal. This system is extremely
efficient, shifting attention automatically when needed. In biological process point of view, it shows the integration of visual
motor cortex and superior colliculus level.

In our approach, the degree of attention is generated automatically by Dynamic Attention with Density Representation (see
Section ). Outside the focus of attention, the accuracy of perceiving the affordance is lower, owing to the low information density.
When a risky obstacle is detected, the attention focuses onto it, and perceptual accuracy increases because the information
density increases (SM Figure 3). The affordance-perception process receives external sensory information from the attention
process in the form of a topological structure.

When the density of node (&) in the non-homogeneous vector (N (non-H)y calculated in Eq. (??) is lower than the threshold
calculated in Eq. (16), the affordance model prompts the SC to increase the node density in a certain area explained in
Section ??. The model sends the center of attention (C,), the radius size (R,) of non-homogeneous vectors calculated as follows:
Cy = 1/NOor ) yi=l (nomih hi(for (N;) > @), R, = max(h; — C,); where 0(N;) is the angle between vector N; and the vertical
vector. N™"H) represents the number of non-homogeneous normal vectors of nodes The attention area in the proposed model
is limited to the pathway area of the robot movement.

o =R, /N®o-t) (16)

Representing Affordance Detection and Affordance Effectivity Fit Integration
The pathway process from cortex to movement-related motor cortex shows the how the affordances are represented to the motor
cortex. The visual cortex model sends information about the detected object or obstacle (size and position), where its size and
position are represented by parameter C,, R, in Section . In our model, the non-homogeneous vector in the attention area will
be detected as the object or obstacle during movement. After that, the affordance perception will serve the possible action and
safe area by detecting normal vector to the vertical direction in the attention area.
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Note S3 - Central Pattern Generator

The CPG model dynamically generates locomotion patterns. In cat studies, two-layered CPG has been observed, incorporating
rhythm generators (RG) and pattern formation (PF)'!. T have designed a single-model CPG where one RG represents one leg’s
movement pattern, and one PF neuron represents the activation of one muscle. Since each leg uses four muscles (flexor and
extensor muscles of the hip and knee joints), there is one RG neuron and four PF neurons for each CPG structure. Our model
uses two CPG pairs; every pair represents the forelimb and hindlimb for another pair. SM Figure 4 shows the complete design
of the proposed CPG model.

Rhythm-generator neurons generate oscillation signals responsible for controlling the patterns of a certain leg. All of the
RG are interconnected and control the timing of the leg’s swing action. I used the Matsuoka neural-oscillator model to generate
a dynamic signal. The inner state of the RG neuron is as follows:

d n
TN (Ui —Xj— Z WRG,ijYj+ i — bVi) (Ty *Ssrim) a7
=1

The received-inhibition effect of its self-adaptation (v;) and the signal from other RG neurons (y;) influenced by synaptic weight
(wij). yi is calculated as y; = max(x;,0) and v; is calculated as follows:

Tivi = (yi —vi)(t¢Ssrim) (18)

dt
The inner-state and self-adaptation effects are respectively influenced by time constants 7 and 7. The RG neuron is also
influenced by sensory feedback (o) from ground-force afferent, swing-related afference, and nociceptors.

n n
o = Gio+ ) (FiWrrij) + ) <GST1MSi(WSR,iijWNs,ij)) (19
=1 =1

where, ;o is the basic stimulation of the ith neuron, Wrg ;; and wsg;; are the synaptic weights of the force afferent (F;) and the
swing-phase afferent (S;) of the ith leg to the jth RG neuron. Swing-afferent feedback is influenced by the nociceptor (&;);
its weight is represented by wys. The nociceptor (V;) is a pain receptor that detects the condition of leg damage and sends
damage stimuli to RG neurons, affecting sensory stimulation from the ground-force afferent to the RG neurons and from the
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swing-related afferent to the RG neurons. Parameter Gy is the gain parameter controlling the relationship between speed
stimulation Ssr and the sensory network. The gain parameter is assumed to differently affect the forelimbs and hindlimbs.
Based on preliminary tests, the Ggryy for hindlimbs is calculated as Gsryy = Upr/ (1 +exp (—AurSsrim + Nur)) and the
Gsrm for hindlimbs is calculated as Gsryys = exp (log(umr ) (ArLSsriv — NrL)?)

Given the RG neurons control the movement-pattern phase for each leg, they transmit the firing signal (p;) to all PF neurons
in a certain leg to activate swing behavior. This is calculated as follows:

1 if(+r7) >0
- 2
pi { 0  Otherwise 0)

where @ is the firing threshold. The value of h/*/ is calculated as follows:

e ref : _
et ={ T 0= @
l
When the RG signal is fired, R is subtracted from the h:ef (t) value of neuron i. R > 0, y*/ is a discount rate of hfef , and
0 < y*/ < 1. The firing value of the ith RG neuron p;(¢) is generated for all PF neurons in the ith leg.

Upon receiving the firing signal from RG neurons (p;), PF neurons perform the swing behavior by activating muscle
stimulation (see Appendix ??). The PF neurons control the timing of each muscle contraction. The activation signal generated
by PF neurons is calculated as follows: (To control the speed, speed stimulation is adjusted from parameter Ssrys, which
influence Egs. (17) and (19))

<log(0.5)>< (%3)

(1) = @)

where, PF; neurons are calculated as PFj(t) = PF;(t — 1) + pi, dop represents the starting control, calculated by u = (30 —
q)i(LEG) /30, w represents the time of the activation signal, calculated as w = l//l.(LEG /50. q)i(LEG, and l//l.(LEG is the parameter for
controlling swing activation and the timing of the ith PF neuron in certain LEG; F for forelimb and H for hindlimb. The values

of ¢ and y were optimized in our previous research using a multi-objective evolutionary algorithm.
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SM figure 5. ANN model for Affordance-Effectivity Fit
Note S4 - Affordance Effectivity Fit (AEF)

The AEF is represented by artificial neural network is depicted in SM Figure 5. There are input parameters from the output of
the AD module (C, and R,) and internal sensory information, which are four 3D vectors (me v§, vé) representing the vectors of
motion interrupt of the four legs; twelve parameters represent the joint angles (61, 6>, 63, - -, 812), and four parameters represent
the touch sensor signals from the four feet (71,73, T3, T4).

The output layer comprises two groups, activated alternately. The first group contains twelve parameters representing
all of the joints’ angular accelerations (01,0,,03,---,01,). The output is generated when an interrupt command transfers
to the CPG module in short-term adaptation. The output layer’s second group is conveys walking provision information
(ssaG>Scor,Spir), generated when there are behavior interruption transferred to the BC module in medium-term adaptation.
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Note S5 - Environmental Reconstruction and Localization
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SM figure 6. Diagram of Localization and Mapping using topological information

The localization model is shown in SM Figure 6. The topological structure with label information is the input of the system.
There are two steps for building the localization and mapping: confidence node collection and surface matching. Assuming Q
as the nodes of a map—comprising (3-D position (Q,), 3-D surface vector (Q,), label (Q;)—and magnitude of surface vector
(Qm)), Ng is the map’s number of nodes, A is the set of GNG nodes—comprising (3-D position (A,), 3-D surface vector (A,),
label (A;), and magnitude of surface vector (A,,))—N, is the number of GNG nodes, s is the global position of the robot, and *
is the euler angle from the earth.

Confidence node selection The selection of the node with stable normal vectors is calculated by the dynamic attention
model (detailed in Section ??), with the selected node initially added directly to the map’s structure. This node selection step is
as follows:

1. N; < 0, N, is the number of confidence nodes.

2. d = ... the vector of assigned node id, i = 0.

3. dn, < i,Ng < Ny + 1 if ith node has stable normal vector
4. i+ +, return to step 2 if i < Ny

Surface matching Following localization and selection of appropriate nodes, the module matches the position and normal
vector of nodes between the GNG and the map constructed. There are three steps: 1) Find the nearest map node to teach the
GNG node, 2) 6D vector matching, and 3) Add new map nodes.

1. The module finds the map node nearest to teach the GNG node. It finds the map node with the position and normal vector
closest to each GNG node. If the module cannot find it within the defined range, the node will not be processed for the
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next step. Only nodes that have been assigned to the map are selected to be processed in the next step. Node assignment
is represented in SM Figure 7b. For each selected GNG node, the difference in position and surface vector with the map
node is calculated using Eqgs. (23) and (24),

lay.j = 1|Qj = Ag,l (23)

va,; = Q)+ Aﬁx (24)

where, Iy, ; and vy, ; are the distance and degree of vector similarity between d;th GNG node and jth map’s node. The
module chooses the nearest node in a limited area that features a high similarity value for the surface vector.

2. Next, the assigned nodes are fitted to the map node. This involves calculating the different 3-D positions using Eq. 25,
where $(¢) is the difference in position.

1 N o a
$() = - 1 (Q = Ag Ay Ay, (25)
d j=1
s(t+1)=s(t)+5() (26)
. 1 Na
2] H)=—) O 27
(+h=m3 L1 27)

3. Next, the associated GNG node and map nodes are merged, enabling comparison between the two. Any GNG node that
does not pair with a map node is added as a new map node.
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Note S6 - Cognitive Map Building

At this level, a cognitive map is built using the topological structure-based map reconstruction generated at the microscopic
level. The proposed cognitive map comprises segments of a location; for example, intersections or T-junctions. The topological
map reconstruction generated using the localization and mapping module at the mesoscopic level is processed using multi-layer
GNG in conjunction with the area of interest. Meanwhile, the cognitive map processes the topological map comprising the 3-D
location node, the normal 3-D node vector, and the connection between them. This means the cognitive map is assigned a
certain location but with more diverse environmental conditions. This preliminary model uses GNG to generate topological
input, which requires map reconstruction from lower-level control. This process is represented in SM Figure 8. The robot’s
position and topological map information are obtained using localization and lower-level map modeling; then, the model
analyzes the robot travel success rate from one node to another node on the topological map. Following this step, the topological
cognitive map is generated.

Map reconstruction

Growing Neural Gas

Topological based Cognitive Map

SM figure 8. Diagram of cognitive map model
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(b)

SM figure 9. The snapshot of the cognitive map module. a) in corridor b) in underground pipe

Note S7 - Experimental Result on Macroscopic level

Implementation in simulation

For the computer simulation, I used Open Dynamics Engines (ODE) to create an artificial room, corridors featuring certain
obstacles, and a buggy-type robot with an artificial depth camera. The results for the proposed module in the simulated corridor
and underground pipe are presented in SM Figures 9a and 9b, with the cognitive map represented by the white topological
structure.

Real-world implementation

For real implementation, we created an artificial terrain, as shown in SM Figure 10, and then used a Kinect camera to reconstruct
the map. Then, the map reconstruction data became the input for the cognitive map module, with the results of the cognitive
map presented in SM Figure 11.
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Links to the Supplementary Videos

1. SMVideo 1: https://www.dropbox.com/s/nrp509wyc4f86ca/multiscopic%20performance.mp4?
dl=0

2. SMVideo2: https://www.dropbox.com/s/xcdsmtj2i6omhif/video%20affordance%20AEF%20test%
20flat%20terrain.mp4?2dl=0

3. SMVideo 3: https://www.dropbox.com/s/061lvw7yccajgab2/video%20affordance%20AEF$20test%
20rough%20terrain.mp4?dl=0

4. SMVideo4: https://www.dropbox.com/s/hordalzxsu8qgops/real%20experiment%20on%20sudden%
20o0bstacle.mp4?dl=0

5. SMVideo 5: https://www.dropbox.com/s/f0y87fu8wnp0717/real%20experiments%20on%20sudden%
20obstacle%20with%20long%20distance%20placement .mp4?dl=0

6. SM Video 6: https://www.dropbox.com/s/ide6ea29xcdewbb/SLAM$20in%20corridor.mp4?dl=
0

7. SM Video 7: https://www.dropbox.com/s/fpvpdmwl8t2vp8f/SLAM$20in%20pipe.mp4?2dl=0

8. SMVideo 8: https://www.dropbox.com/s/16s%w8afdamtrg/Quantitative_experiments.mp4?
dl=0
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