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Supplementary Note 1: Spiking Neural Networks

Spiking Neural Network (SNN)

Various models for spiking neurons mathematically describe the properties of a cell in the nervous
system with varying degrees of detail. Normally, three conditions are considered by these models:
resting, depolarization, and hyperpolarization. When a neuron is resting, it maintains a constant
membrane potential. The change in membrane potential can be either a decrease or an increase
relative to the resting potential. An increase in the membrane potential is called depolarization, which
enhances a cell’s ability to generate an action potential; it is excitatory. In contrast, hyperpolarization
describes a reduction in the membrane potential, which makes the associated cell less likely to
generate an action potential, and, as such, is inhibitory. All inputs and outputs of a spiking neuron
model are sequences of spikes.

A sequence of spikes is called a spike train and is defined as s(t) = Σt(f)∈Fδ(t − t(f)), where F
represents the set of times at which the individual spikes occur [1]. Typical spiking neuron models
set the resting potential to 0. However, existing models achieve depolarization and hyperpolarization
in substantially different ways. In the following, we review two commonly used models: the spike
response model (SRM) [2] and leaky integrate-and-fire (LIF) model [3].

Spike Response Model (SRM) An SRM first converts an incoming spike train si(t) into a spike
response signal as (ε ∗ si)(t), where ε(·) is a spike response kernel. Then, the generated spike
response signal is scaled by a synaptic weight wi. Depolarization is achieved by summing all the
scaled spike response signals: Σiwi(ε ∗ si)(t). When incoming spike trains trigger a spike s(t),
the SRM models hyperpolarization by defining a refractory potential as (ζ ∗ s)(t), where ζ(·) is
a refractory kernel. With an SRM, a feedforward SNN architecture with nl layers can be defined.
Given N l incoming spike trains at layer l, sli(t), the forward propagation process of the network is
mathematically defined as follows [2, 1]:

vl+1
i (t) =

N l∑
j=1

wij(ε ∗ slj)(t) + (ζ ∗ sl+1
i )(t− 1), (1)

sl+1
i (t) = fs(v

l+1
i (t)), (2)

fs(v) : v → s, s(t) := s(t) + δ(t− t(f+1)), (3)

tf+1 = min{t : v(t) = Θ, t > t(f)}, (4)
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where fs(·) is a spike function and Θ is the membrane potential threshold, which is static and the
same for all neurons in the network. This static threshold is the one that we replace with the proposed
dynamic threshold.

Leaky Integrate-and-Fire (LIF) An LIF model is a simplified variant of an SRM. This scheme directly
processes incoming spike trains and ignores the spike response kernel. Hyperpolarization is achieved
by a simple decay function fd(·). The forward propagation process of the network can be defined as:

vl+1
i (t) =

N l∑
j=1

wijs
l
j(t) + vl+1

i (t− 1)fd(s
l+1
i (t− 1)) + bl+1

i , (5)

sl+1
i (t) = fs(v

l+1
i (t)), (6)

fd(s(t)) =

{
D s(t) = 0

0 s(t) = 1,
(7)

where bl+1
i is an adjustable bias that is learned to mimic a dynamic threshold behavior. However,

the biases of this model are static during forwarding propagation. In contrast, the proposed dynamic
threshold is dynamic and automatically adapts to membrane potentials.

Supplementary Note 2: Related Mathematical Definitions

In this section, we provide mathematical definitions for DT1, DT2, and Loihi weight transferring. In
addition, we formally define the proposed homeostasis metrics.

DT1 Hao [4] noted that neurons do not (or barely) fire when their thresholds are too large, which can
negatively affect model performance. Therefore, they proposed DT1 to slow threshold growth. For
the i-th neuron in the l-th layer, DT1 at timestamp t is mathematically defined as:

Θl
DT1,i(t) = Θconst + (−Θl

DT1,i(t− 1) +
Θinitial

|2Θl
DT1,i(t− 1)−Θinitial|

nl∑
i=1

sli(t)), (8)

where Θconst and Θinitial are two hyperparameters; the dynamic threshold is mainly controlled by a
dynamic scaling factor Θinitial

|2Θl
DT1,i(t−1)−Θinitial|

; nl is the total number of neurons in the l-th layer. For

fair comparisons with other competing approaches, we apply grid search to find the optimal values of
Θinitial and Θconst and ensure that the host SNNs of DT1 offer similar success rates (SRs) in the
static obstacle avoidance task to those of other approaches. Based on the grid search, Θinitial is set
to 10.0; 0.5 and 0.2 are the optimal values of Θconst for the LIF-based and SRM-based host SNNs,
respectively.

DT2 Inspired by the observed homeostasis in biology, Kim [5] proposed DT2 to maintain neurons’
firing rates at a predefined constant target frequency. Mathematically, for the i-th neuron in the l-th
layer, DT2 at timestamp t is defined as:

Θl
DT2,i(t) = Θl

DT2,i(t− 1) + (

nl∑
i=1

sli(t))− f ltarget)×Θl
DT2,i(t− 1)× γ, (9)

where f ltarget is the predefined constant target frequency; γ is a homeostasis factor that determines
the threshold changing rate. Based on our grid search, we set f ltarget to 85 (1/3 of 256) for the three
256-neuron layers and γ to 0.004 to achieve the same static obstacle avoidance performance as that
of other competing SNNs.

8-Bit Loihi Weights In our weight uncertainty (WU) experiments, we scale and round up the learned
floating-point synaptic weights to low-precision 8-bit weights. The weight scaling process is defined
as:
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rl =
wLoihi

max

wl
max

, (10)

w
(l)(Loihi)
ij = round(rlwl

ij), (11)

Θ
(l)(Loihi)
i (t) = round(rlΘl

i(t)), (12)

vli(t) = v
(l)(Loihi)
i (t)/rl, (13)

where rl is the rescaling ratio of layer l; wLoihi
max is the maximum weight that Loihi supports; wl

max is
the maximum weight of the l-th layer of the host SNN; wl

ij is the synaptic weight between the i-th

neuron in the l-th layer and the j-th neuron in the (l− 1)-th layer, and w(l)(Loihi)
ij is the corresponding

rescaled weight on Loihi; Θl
i(t) and Θ

(l)(Loihi)
i (t) are the original membrane threshold and the

corresponding threshold for Loihi of the i-th neuron in the l-th layer at timestamp t, respectively;
round(x) is a rounding function that returns the rounded version of x. Notably, to estimate Θl

i(t),
we need to know the original membrane potentials. However, all the membrane potentials on Loihi
are rescaled. Therefore, to obtain the original membrane potentials, we need to reverse the process
defined in Eq 13.

Homeostasis Metrics We leverage three statistical metrics to quantify the homeostasis of an SNN.
Mathematically, they are defined as follows:

FRm = µ(FRp
m) for p = 1, 2, ..., P, (14)

FRm
std = µ(FRp

std) for p = 1, 2, ..., P, (15)

FRs
std = σ(FRp

std) for p = 1, 2, ..., P, (16)

FRp
m = µ(f l,pi ) for i = 1, 2, ..., N l l = 1, 2, ..., L, (17)

FRp
std = σ(f l,pi ) for i = 1, 2, ..., N l l = 1, 2, ..., L, (18)

f l,pi =

∑Tp

tp=1 s
l
i(t

p)

T p
, (19)

where, T p is the time taken for the p-th trial and f l,pi is the firing rate of the i-th neuron in the l-th
layer during the p-th trial. FRp

m denotes the mean firing rate of all neurons of an SNN during the p-th
trial, and FRp

std is the standard deviation of all neuron firing rates for an SNN during the p-th trial.
The definitions of FRm, FRm

std, and FRs
std are defined in the main paper.
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Figure 1: a. The structure of a neuron. b. We demonstrate a sodium (Na+) voltage-gated channel
under resting, activated, and inactivated (refractory) states. The Na+ channel enters an inactivated
state after depolarization and returns to a resting state only after the membrane potential is restored to
its resting potential. c. The process of action potential generation, which is based on the Hodgkin-
Huxley model [6], involves the sequential opening of voltage-gated Na+ and K+ channels. The Na+
and K+ conductance curves are adapted from the Hodgkin-Kuxley model [6].

Supplementary Note 3: Biological Concepts

A typical biological neuron has four morphological regions: a cell body, dendrites, an axon, and
synaptic terminals. Inside the cell body (the soma), a nuclear envelope contains the cell’s genes. The
short tree-like dendrites branch out from the cell body, and they are the main apparatus for receiving
incoming signals from other neurons. The long tubular axon covered by the myelin sheath extends
some distance from the cell body and carries action potential to other neurons through synaptic
terminals. A typical nerve neuron is illustrated in Figure 1a.

In a nerve cell that is at rest, the extracellular surface of the cell membrane has an excess positive
charge, while the cytoplasmic side has an excess negative charge. The cell membrane maintains the
separation of charge as a barrier against the diffusion of ions; see Figure 1b. The electrical potential
difference across the membrane is defined as the membrane potential, which has three different
statuses: resting, depolarization, and hyperpolarization. At rest, no net charge movement across the
membrane occurs, and the resting membrane potential is maintained. By convention, the potential
outside the cell is defined as zero, and hence, the resting potential is a negative value. A net flow
of cations or anions into or out of a cell disturbs the resting membrane, causing depolarization or
hyperpolarization, respectively. Depolarization indicates less negative membrane potential, while
hyperpolarization signifies more negative potential; see Figure 1c.

Dynamic Thresholds in Biological Neurons

The Hodgkin-Huxley model [6] has served as an archetype for compartmental models of the elec-
trophysiology of biological membranes (see Figure 1a). Many numerical methods leverage the
Hodgkin-Huxley model as their testbeds, which can be applied to more complex models [7, 8, 9]. We
use the Hodgkin-Huxley model to introduce the concept of threshold in biological neurons. Based
on the Hodgkin-Huxley model, an action potential is produced when the membrane potential is
higher than a particular threshold; this involves the following sequence of processes. First, when the
membrane potential is higher than a threshold, the associated depolarization opens sodium (Na+)
channels, resulting in an inward Na+ current. By discharging the membrane capacitance, the inward
current causes further depolarization and the opening of more Na+ channels, resulting in a further
increase in the inward current. Second, under prolonged depolarization, the voltage-gated Na+
channels become inactive. Furthermore, after some delay, the voltage-gated potassium (K+) channels
begin to open, causing an outward K+ current that tends to repolarize the membrane (see Figure 1b).
The second process underlies the absolute refractory period [10], a period during which no action
potential can be elicited. After that, with some K+ channels being closed and some Na+ channels
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recovering from inactivation, the membrane enters a relative refractory period [10] (see Figure 1c).
During this period, it is possible to trigger an action potential, but this requires a higher threshold.

Note that a small subthreshold depolarization cannot trigger an action potential, as it not only increases
the inward Na+ current but also increases the outward K+ current [6]. Only at a specific membrane
potential value does the net ionic current become inward, depositing a net positive charge on the
inside of the membrane capacitance. This specific value is the potential (or spike) threshold [11].

The threshold changes dynamically, widely observed in the different nervous systems [12, 13, 14, 7,
15, 16, 17, 18, 19]. A thread of studies leverage the Hodgkin-Huxley model to verify the observed
threshold dynamics [20, 7]. However, not all spike initiation dynamics of biological neurons can be
accurately described by the Hodgkin-Huxley model [21].
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Supplementary Note 4: Additional Details on Obstacle Avoidance Experiments

Experimental Setup

In the obstacle avoidance experiments, our evaluation baseline model and test environment are
modified variants of the spiking actor network (SAN) [22] and its original simulated test environ-
ment, respectively. The SAN is a part of the spiking deep deterministic policy gradient (SDDPG)
framework [22], which is a fully connected four-layer SNN (three 256-neuron hidden layers and one
two-neuron output layer). This network maps a state s of a robot to a control action a. Specifically,
a state s = {Gdis, Gdir, ν, ω, L} is encoded into 24 Poisson spike trains as inputs of the SAN, and
each spike train has T timesteps. Gdis and Gdir are the relative 1-D distances from the robot to
the goal and a 2-D direction (right and left directions), respectively; ν and ω are the robot’s 1-D
linear and 2-D angular velocities (rightward and leftward angular velocities); L denotes the distance
measurements obtained from a Robo Peak light detection and ranging (RPLIDAR) laser range scanner
(range: 0.2-40 m), which has a field of view of 180 degrees with 18 range measurements, each with
a 10-degree resolution. The two output spike trains are decoded to control the robot via an action
a = {νL, νR}, where νL and νR are the left and right wheel speeds of the differential-drive mobile
robot, respectively [22].

Figure 2: Illustrations of the training, static testing and dynamic testing environments. a. The
training environments of the obstacle avoidance tasks. The training processes of all competing SNNs
start from Env1 and end with Env4. b. Static testing environment. c. Dynamic testing environment.
In addition to static obstacles, 11 dynamic obstacles are inserted.

Training

The SAN and its modified versions are trained with the original SDDPG framework. The training
environments consist of four different maps, as shown in Figure 2a. In particular, during the training
process, we set 100, 200, 300, and 400 start-goal pairs in the Env1, Env2, Env3, and Env4, respectively.
The training starts from Env1 and ends with Env4. Following the training protocol described by Tang
[22], the hyperparameters related to training are set as follows: D = 0.75 for the LIF; η = 0.01
and ψ = 4.0 for the dynamic energy threshold (DET); C = 3.0 for the dynamic temporal threshold
(DTT); τs = τr = 1.0 for the SRM; collision reward = −20; goal reward = 30; step reward = 15;
goal l2 distance threshold = 0.5 m; obstacle l2 distance threshold = 0.35 m; ϵ ranges for Env1 to
Env4 of (0.9, 0.1), (0.6, 0.1), (0.6, 0.1), and (0.6, 0.1), respectively; and corresponding ϵ-decays of
0.999 for the four environments. During the training procedure, we set the batch size to 256 and the
learning rates to 0.00001 for both the actor and critic networks. We use PyTorch [23] to train and test
all competing SNNs with an i7-7700 CPU and an NVIDIA GTX 1080Ti GPU. We direct the readers
to the SAN algorithm [22] for details.

Assessment—Success Rate

We evaluate the obstacle avoidance capabilities of the proposed method by using SR as a metric. The
SR is the percentage of successful passes out of 200 trials. A successful pass is a trial in which the
robot can reach its destination without touching any static or dynamic obstacle within 1000 steps. In
addition to the SR, we also report the overtime percentage (OTP), the percentage of overtime trials
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out of the total trials (200trials), where overtime is de�ned as a trial in which the robot cannot reach
the goal within1000steps but does not touch any obstacle.

We use the Gazebo simulator to construct a20 � 20 m2 static test environment (see Figure 2b)
and adopt the randomly sampled200start-goal location pairs used for testing the SAN [22]. For
fairness, we apply grid searches on all tunable hyperparameters to ensure that the SRs of all competing
approaches are relatively the same (within� 2%) when testing in the static testing environment. The
quantitative experimental results obtained by all competing dynamic threshold methods in the static
obstacle avoidance tasks are shown in Table 1. Due to space limits, we only report the experimental
results based onT = 5 in the main manuscript. Here, we offer the quantitative performance with
bothT = 5 andT = 25.

Based on Table 1, compared to the SRs obtained withT = 5 , the SRs obtained underT = 25 only
change slightly (� 0:5%), indicating that all competing SNNs are not sensitive to theT value in static
obstacle avoidance tasks. The observations related to theT value also hold in the dynamic obstacle
experiments (see Table 2). However, we observe that the SRs decrease as theT value increases for
most degraded input and weight uncertainty experiments.

Tables 2, 3, and 4 show the quantitative performance of all competing approaches in dynamic
obstacle, degraded inputs, and weight uncertainty experiments, respectively. The SRs are also shown
in Figures 4a and b. In terms of the OTPs, we witness high levels of overtime trials in the “0.2" section
of the degraded inputs condition and the “GN weight" section of the weight uncertainty condition.
As discussed in the main manuscript, with the “0.2" setup, the three disturbed lasers generate more
spikes than they are supposed to, making the robot more cautious. Thus, the robot's speed slows,
leading to more overtime trials. As expected, adding Gaussian noise to the learned weights reduces
the effectiveness of the avoidance policy. However, our approach faces the most negligible impact,
offering the best SRs under all experimental results. In the following, we provide a more detailed
analysis for each degraded condition.

Dynamic Obstacles As discussed, we introduce11 dynamically moving cylinders to the static testing
environment; see Figure 2c. Table 2 shows the corresponding experimental results obtained under
this condition. Our approach delivers the highest SRs with both the LIF and SRM neuron models.
Notably, under both theT = 5 and T = 25 settings, the proposed approach outperforms the
runners-up by signi�cant margins (by at least9%over the LIF model and12%over the SRM). The
results demonstrate that the proposed bioinspired dynamic threshold scheme provides substantial
environmental adaptability to the host SNNs. Since all the synaptic weights and static thresholds of
both the SAN and the SAN with no resting operation (SAN-NR) are learned from the environments
with static obstacles only, we expect that they cannot adapt well to an environment with dynamic
objects. Surprisingly, compared to the static threshold scheme, the two heuristic dynamic threshold
schemes, DT1 and DT2, obtain lower SRs. The threshold dynamics provided by DT1 rely on two
hyperparameters, the constant potential and initial potential. DT2 requires a target �ring count
to be set. These hyperparameters are justi�ed during the training process but �xed during testing.
We believe that these hyperparameters dramatically impact the adaptability of the tested heuristic
dynamic threshold schemes. In contrast, the dynamics offered by the proposed bioinspired dynamic
energy-temporal threshold (BDETT) scheme are dynamically based on layerwise statistical cues.

Degraded Inputs In this experiment, as discussed in our main manuscript, in addition to the presence
of dynamic obstacles, we disturb the obtained range measurements in three different ways: a) “0.2":
we set the 3rd, 9th, and 15th laser ranges to0:2 m. In this case, the three modi�ed measurements
always report obstacles in their perception �elds even when none are present; b) “6.0": the ranges
of the same three lasers are set to6:0 m, which is the average visible range in the test environment.
This means that the three lasers cannot perceive any object; c) “GN": we add Gaussian noise
(clip(sinput + N (0; 1:0); 0:2; 6:0), as suggested in a study regarding long short-term memory with a
local map critic (LSTM-LMC) [24]) to each of the18 range measurements. The experimental results
obtained under these settings are shown in Table 3.

In all degraded input experiments, the SRs offered by our BDETT scheme still remain the highest
and outperform the runners-up by at least10%. This re�ects that the proposed dynamic threshold
scheme provides the host SNNs with strong adaptability to all designed degraded inputs, which is
highly desired and appreciated in mobile robot applications. In the “0.2" setup, the three disturbed
lasers generate more spikes than they are supposed to, making the robot more cautious. All host
SNNs obtain lower SRs than those obtained under the dynamic obstacle settings. However, the
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Figure 3: The success rate heatmaps. The heatmaps yielded by the best and runner-up performers
under four different conditions indicate the areas with lower success rates (those shown in red).

SRM-based host SNNs are signi�cantly impacted. We believe the reason for this is that the spike
response and refractory kernels of the SRM amplify the intense spikes triggered by the three modi�ed
measurements. In the “6.0" experiments, the three modi�ed measurements trigger fewer spikes, and
the robot becomes more relaxed due to the `hyperopia' effect. Therefore, we expect more failed
passes than in the “0.2" setup. This is true for the LIF-based SNNs but not for the SRM-based SNNs.
Since the three farsighted lasers reduce the signal ampli�cation effects caused by the two kernels,
the SRM-based SNNs perform better here than in the “0.2” experiments. Under the “GN" condition,
the SRs of all competing host SNNs decrease, but our approach is the least affected and induces the
lowest SR drops. Remarkably, under all degraded input experiments, the proposed BDETT improves
upon the SRs of both the LIF-based and SRM-based baseline models (SAN-NR) by at least10%
and17%, respectively. The success rates of the best and runner-up performers under “0.2” and “6.0”
conditions are also qualitatively illustrated in Figure 3.

Weight Uncertainty Neuromorphic hardware (Loihi) achieves computing ef�ciency by sacri�cing
the weight precision, and an8-bit integer normally yields the highest precision. Therefore, when
deploying an SNN on neuromorphic hardware, one needs to scale and round up the learned �oating-
point synaptic weights to low-precision weights. We mimic this scenario by mapping the learned
weights to Intel's Loihi8-bit integer weights. The mapping equations are provided in Supplementary
Note 2. In addition, we design two extra weight pollution experiments. “GN weight" involves
adding Gaussian noise (wij + N (0; 0:05)) to all synaptic weights; under “30% zero weight", we
reandomly set30%of the synaptic weights between every two adjacent layers to0. To reduce the
impact caused by the randomness introduced in the two additional experiments, we report the average
SRs of 5-round tests.

As shown in Table 4, the proposed BDETT can effectively reduce the impact caused by degraded
synaptic weights and deliver the best SRs under all experimental settings. Low-precision weight
convergence slightly reduces the SRs of all competing host SNNs slightly. We observe that the
effectiveness of the SRM-based SNNs is dramatically impacted by the “GN weight" and “30%zero
weight" pollution settings, especially the SAN. This means that SRM-based models are more sensitive
to weight changes than LIF-based SNNs. Again, under the three degraded conditions, the proposed
BDETT increases the SRs of the baseline model SAN-NR by at least9:5%, 14:2%, and14:8%. The
success rates of the best and runner-up performers under “8-bit Loihi weight” and “30% zero weight”
conditions are also qualitatively illustrated in Figure 3.
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Table 1: Quantitative performance of obstacle avoidance with static obstacles.

LIF (T = 5 ) SRM (T = 5 ) LIF (T = 25) SRM (T = 25)

Name SR" OTP SR" OTP SR" OTP SR" OTP
SAN 98% 0.0% 96.5% 0.0% 98% 0.0% 96% 0.0%
SAN-NR 98% 0.0% 95.5% 0.0% 98.5% 0.0% 95.5% 0.0%
DT1 [4] 96.5% 0.0% 95% 0.0% 96% 0.0% 94.5% 0.5%
DT2 [5] 97% 0.0% 95% 0.0% 97% 0.0% 94% 0.0%
DET only 96% 0.0% 95.5% 0.0% 95.5% 0.0% 95% 0.0%
DTT only 97% 0.0% 95.5% 0.0% 97% 0.0% 95% 0.0%
BDETT 98.5% 0.0% 96.5% 0.0% 98% 0.0% 97% 0.0%

Table 2: Quantitative performance of obstacle avoidance with dynamic obstacles.

LIF (T = 5 ) SRM (T = 5 ) LIF (T = 25) SRM (T = 25)

Name SR" OTP SR" OTP SR" OTP SR" OTP
SAN 81.5% 0.0% 78.5% 0.0% 81% 0.0% 77.5% 0.0%
SAN-NR 83.5% 0.0% 77.5% 0.5% 83.5% 0.0%77% 1.0%
DT1 [4] 74.5% 0.0% 68.5% 0.0% 74% 0.5% 68.5% 0.5%
DT2 [5] 80% 0.0% 71.5% 0.5% 80% 0.0% 71.5% 0.0%
DET only 81% 0.0% 78.5% 0.5% 80.5% 0.0% 78.5% 1.0%
DTT only 88% 0.0% 83.5% 0.0% 86.5% 0.0% 82% 0.0%
BDETT 92.5% 0.0% 90.5% 0.0% 93% 0.0% 89.5% 0.5%

Table 3: Quantitative performance of obstacle avoidance under degraded input conditions.

LIF (T = 5 ) SRM (T = 5 ) LIF (T = 25) SRM (T = 25)

Type Name SR" OTP SR" OTP SR" OTP SR" OTP

0.2

SAN 78.5% 1.5% 68% 1.0% 74% 2.5% 60.5% 1.0%
SAN-NR 80% 2.5% 59% 3.0% 76% 3.0% 39.5% 4.5%
DT1 [4] 65.5% 4.0% 64% 3.5% 60.5% 3.5% 58.5% 5.0%
DT2 [5] 78% 3.0% 53.5% 3.5% 72.5% 4.0% 49% 3.5%
DET only 83% 2.0% 71.5% 3.0% 77.5% 3.5% 67.5% 3.0%
DTT only 78.5% 3.5% 64.5% 1.0% 72.5% 3.5% 62% 2.5%
BDETT 90% 2.5% 79.5% 3.5% 87.5% 3.5% 76% 4.5%

6.0

SAN 71% 0.0% 70% 0.0% 73% 0.0% 72% 0.0%
SAN-NR 70% 0.0% 61.5% 0.0% 71% 0.0% 65.5% 0.0%
DT1 [4] 62% 0.0% 67% 0.0% 64% 0.0% 66.5% 0.0%
DT2 [5] 61.5% 0.0% 55% 0.5% 61.5% 0.0% 57.5% 0.0%
DET only 80% 0.0% 79% 0.0% 79.5% 0.0% 79.5% 0.0%
DTT only 80% 0.0% 75.5% 0.0% 81% 0.0% 76% 0.0%
BDETT 84.5% 0.0% 83% 0.0% 86% 0.0% 83.5% 0.0%

GN

SAN 71.5% 0.0% 57% 0.0% 63% 0.0% 51.5% 0.5%
SAN-NR 72% 0.0% 65.5% 1.0% 67% 0.5% 54.5% 2.0%
DT1 [4] 60.5% 0.5% 58% 0.0% 56.5% 0.5% 55.5% 0.0%
DT2 [5] 71.5% 1.5% 61.5% 0.0% 68% 1.0% 57% 1.5%
DET only 78.5% 1.0% 75.5% 0.5% 76% 2.0% 71% 0.5%
DTT only 75.5% 0.0% 69% 0.0% 70.5% 0.0% 66.5% 0.5%
BDETT 84.5% 0.0% 82.5% 0.0% 81.5% 0.0% 79% 0.5%
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