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S1 Neuron models31

S1.1 Neuron Parameters32

The parameters pertaining to the neurons used in the AHP-SNNs are listed in Table S1.

Spiking RelNet
Parameter sMNIST Original Stretched in time
Neuron Parameters:

PSC decay τI (steps) 0.0 7.0 20.0
Voltage decay τV (steps) 20.0 7.0 20.0

AHP-current decay τAHP (steps) 700.0 40.3 120.0
AHP-current decrement β / Vthr 0.756 0.176 0.062

Refractory period τref 0 0 2

Surrogate gradient Parameters:
Dampening factor γ 0.3 0.0 0.5

Scaled voltage support [v−, v+] [−1.0, 1.0] [−1.0, 0.5] [−1.0, 0.5]

Table S1: LIF-neuron and AHP-neuron parameters: Here we detail the parameters
for the spiking neurons used in the different examples. In each task, the parameters for
the AHP-neurons are identical to those of the LIF-neurons, with the exception of the
additional parameters β and τAHP . The examples for which the parameters are shown
are: the sMNIST task solved by a single AHP-SNN network, the "original" version of the
Spiking RelNet on the bAbI task that is benchmarked in the main text, and a Spiking
RelNet where all parameters are adjusted to effectively slow the simulation down, and
increase temporal resolution by a factor of 3 (for which the results are shown in Table S3)

33

S2 Energy and Time benchmarking34

In order to evaluate the energy efficiency of our spiking networks implemented on the35

neuromorphic chip Loihi from Intel [Davies et al., 2018] we measured the energy and la-36

tency of a task and compared it with the artificial neuronal network implementation on37

conventional hardware, i.e., CPUs and GPUs.38

For the network executed on a Loihi system the performance is measured by reading out39

sensors of the hardware. Regarding the energy measurement, Loihi chips of a system are40

powered by on-board voltage regulators that support power telemetry over an I2C interface.41

These voltage regulators are used to collect power usage information. In particular, the42

SDK of Loihi allows to split the contributions of static and dynamic power consumption43

as well as estimate the contribution of neuro-cores and on-chip synchronous x86 cores to44

the overall power consumption.45

For Energy measurement on CPU the Intel Power Gadget 3.5, a software based power46

estimation tool, was used. For GPUs we used the nvidia-smi tool to measure the power,47

which is also a software based estimation tool. The nvidia-smi tool does not give a detailed48
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breakdown of where power is consumed, but rather report the power draw of the whole49

board. Therefore we measured a baseline idle power draw, which we considered for the50

static energy. Afterwards we measure the power consumption during the workload, which51

denotes to the total energy and then we calculated the dynamic energy by subtracting the52

static energy from the total energy.53

For both Loihi and CPU/GPU the measurements were performed for a workload run-54

ning long enough to get in a steady state for power draw. Therefore, the batch size 50 and55

100 examples on the GPU required us to run the test set several times to achieve a steady56

state. The execution time for networks executed on Loihi and networks running on CPU57

or GPU was measured on python level using the timeit module and can be considered a58

wall-clock time. This wall-clock time is then divided by the number of samples used for59

inference to calculate the latency. The execution time was measured independent of the60

power measurements.61

S3 Details for AHP-SNN on the sMNIST task62

S3.1 Input encoding for sMNIST63

In Listing S1 the pseudo code for the input encoding used in the sMNIST task is shown. We64

assume that the current pixel value and next pixel value of the input image are presented,65

the number of thresholds were chosen to be half of the input neurons and thresholds are66

linearly spaced between 0 and 255 (number of threshold times).67

while threshold_counter <= num_thresholds:

thr = thresholds[threshold_counter]

# transition from a lower pixel value to a higher pixel value
if current_pixel_value <= thr and next_pixel_value >= thr:

input neuron with the id 2∗threshold_counter spikes

# transition from a higher pixel value to a lower pixel value
if current_pixel_value >= thr and next_pixel_value <= thr:

input neuron with the id (2∗threshold_counter + 1) spikes

threshold_counter += 1

Listing S1: Input encoding sMNIST. Pseudo code for the input spike encoding of
MNIST images used in the sMNIST task.

S3.2 Energy and latency benchmarking results68

The detailed benchmarking results for the ASP-SNN solving the sMNIST task on Loihi are69

given in Table S2. Here we compare the energy consumed, the latency (also called delay)70

to compute the output, and the resultant energy-delay product with an implementation of71

an LSTM running on a GPU.72
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Power (mW) Time per Latency Latency Energy per Energy Energy Delay EDP
Hardware # cores Static Dynamic Total time step (µs) (ms) ratio Inference (mJ) ratio Product (µJs) ratio

Loihi 1
x86 cores 0.08 24.33 24.41

16.79 14.11 1.00x
0.34

1.00x 5.14 1.00xneuron cores 0.51 0.91 1.42 0.02
total 0.59 25.24 25.83 0.36

Nvidia
RTX 2070

-
batch size 1 33898.00 34602.00 68500.00 - 39.73 2.82x 2721.51 7,467.20x 108125.39 21,025.64x
batch size 50 33898.00 38171.00 72069.00 - 37.44 2.65x 53.97 148.07x 2020.46 392.89x
batch size 100 33898.00 53287.00 87185.00 - 40.41 2.86x 35.23 96.67x 1423.70 276.85x

Intel Core
i5-7440HQ

- batch size 1 2040.00 18886.00 20926.00 - 83.15 5.89x 1740.00 4,774.16x 144680.74 28,134.05x

Table S2: Benchmark results for sMNIST: Comparison of energy and time measure-
ments of the spiking AHP-SNN network on Loihi against the corresponding LSTM on GPU
and CPU solving the sMNIST task1.

Cats are afraid of wolves.

Mice are afraid of cats.

Sheep are afraid of mice.

Gertrude is a cat.

Wolves are afraid of sheep.

Jessica is a mouse.

Emily is a wolf.

Winona is a cat.
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Q What is jessica afraid of?

A Cat

The container fits inside the suitcase.

The chocolate fits inside the chest.

The box of chocolates fits inside the suitcase.

The chocolate fits inside the box.

The chocolate fits inside the container.

The container fits inside the suitcase.

The chocolate fits inside the box.

The suitcase is bigger than the chocolate.

The chocolate fits inside the chest.

The container is bigger than the box.

The box of chocolates fits inside the chest.

The chest fits inside the container.

The box fits inside the container.
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Q

A

Is the chest bigger than the suitcase?

no

Task 16: Basic Deduction Task 18: Size Reasoning

The garden is west of the bathroom.

The bathroom is north of the bedroom.

The bathroom is south of the office.

The hallway is south of the bedroom.

The kitchen is east of the hallway.

1
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4

5

Q

A

How do you go from the hallway to the

bathroom?

n,n

Antoine is tired.

Sumit is thirsty.

Jason is thirsty.

Jason moved to the kitchen.

Yann is hungry.

1

2

3

4

5

Q Where will yann go?

A Kitchen

Task 19: Path Finding Task 20: Agents Motivation

Figure S1: Examples for four types of tasks in the bAbI dataset: Each example
consists of a story and a question which allows a single word answer (except for Task 19,
where two directions can be given as answer). The dataset consists of 20 types of tasks,
each targeting a different aspect of reasoning. In this figure, examples from four tasks
are shown. Each one demonstrates the requirement for relational reasoning in order to
successfully answer the question. “Basic Deduction”, “Path Finding”, and “Size Reasoning”
require only reasoning across multiple sentences. Task 20 “Agents Motivation” requires in
addition association of concepts with information that is external to the current story.

1Loihi: Nahuku board (ncl-ghrd-01), CPU: Intel Core i9-7920X, RAM: 128GB, OS: Ubuntu 16.04.6
LTS, NxSDK: 0.95
Nvidia RTX 2070: Nvidia RTX 2070 Super, GPU-RAM: 8GB, CPU: Intel Core i7-9700K, RAM: 32GB,
OS: Ubuntu 16.04.6 LTS, Python 3.6.5, TensorFlow-GPU: 1.14.0, CUDA: 10.0.
Intel Core i5-7440HQ: RAM: 16GB, OS: Windows 10 (build18362), Python 3.6.7, TensorFlow: 1.14.1
Performance results are based on testing as of October 31, 2021 and may not reflect all publicly available
security updates. Results may vary.
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S4 Details for the Spiking RelNet on the bAbI task73

S4.1 Output accuracy of the Spiking RelNet74

The Spiking RelNet is trained on the combined data from 17 out of 20 bAbI tasks and it’s75

performance is compared to an implementation of a non-spiking RelNet in Table S3. We76

have excluded the 3 tasks "Task 2: Two Supporting Facts", "Task 3: Three Supporting77

Facts", and "Task 16: Basic Induction". For an example of some of the tasks on which the78

network was trained, see Fig. S1. This is because the non-spiking RelNet did not converge79

on these tasks. The network we trained was able to solve 16/17 tasks to within a 5% Error,80

which is the threshold at which a task is considered solved (used in [Santoro et al., 2017],81

and [Weston et al., 2015]).82

The task "Task 17: Positional Reasoning" has a rather high error, which we think is83

because the comparatively complex sentences in this task require a longer compute time84

to process. This is a trade-off we make for faster training and energy efficiency. With a85

larger number of time steps we find that Task 17 can in-fact be solved. To evidence this,86

we show two additional columns in Table S3.87

The first column corresponds to a case where we simply extend the number of time88

steps for which we run the feed-forward part of the Spiking RelNet. Here we pad the89

embeddings upto a longer Tsim = 45ms (compared to Tsim = 37ms as specified in the90

Methods of the main text), and run the feed-forward part of the relational network (i.e.91

modules C–E in main text Fig. 4) for these many time steps. We observe here that while92

Task 17 is not yet under 5% error, the error has dropped significantly.93

The second column shows a simulation where all the time constants, refractory periods,94

Tinp, Tsim, and time per word in embedding are tripled. The parameters are additionally95

adjusted so that the simulation is effectively slowed by a factor of 3. The resulting time96

lengths used are Tinp = 40ms, Tsim = 110ms, Tword = 30ms. The tripled time constants97

are provided in table S1. We see here that the additional temporal resolution allows all 1798

tasks to be solved within 5% classification error. However, with the 3-fold increase in time,99

we get a 4.5-fold (from 148.47 to 663.80) increase in the energy-delay product. Roughly100

the same number of total spikes are used in both cases,101

This result demonstrates that it is possible to gain a significant gain in energy effi-102

ciency with a slight decrease in the overall performance (only a single task suffers loss in103

performance) in the bAbI task.104

S4.2 Energy and latency benchmarking results for the Spiking RelNet105

The detailed benchmarking results of the Spiking RelNet applied to the bAbI dataset are106

shown in Table S4, where we compare the Spiking RelNet on Loihi to a non-spiking RelNet107

on a GPU in terms of the energy consumed, the latency (also called delay) in the calculation108

of the output, and the energy-delay product. We also show there how this varies with task109

size.110

2Loihi: Nahuku board (ncl-ghrd-01), CPU: Intel Core i9-7920X, RAM: 128GB, OS: Ubuntu 16.04.6
LTS, NxSDK: 0.95
GPU: Nvidia RTX 2070 Super, GPU-RAM: 8GB, CPU: Intel Core i7-9700K, RAM: 32GB, OS: Ubuntu
16.04.6 LTS, Python 3.6.5, TensorFlow-GPU: 1.14.0, CUDA: 10.0.
Performance results are based on testing as of October 31, 2021 and may not reflect all publicly available
security updates. Results may vary.
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Task Name

Spiking Non-spiking Spiking RelNet with
RelNet RelNet increased compute time

Tsim = 37 steps Tsim = 45 steps Stretched in time:
all times, time constants and

refractory period tripled
Task 1: Single Supporting Fact 1.0 0.4 0.6 1.0
Task 2: Two Supporting Facts – 20.8 – –
Task 3: Three Supporting Facts – 25.0 – –
Task 4: Two Argument Relations 0.1 0.0 0.0 0.1
Task 5: Three Argument Relations 2.3 0.6 1.2 2.3
Task 6: Yes/No Questions 0.2 0.0 0.3 0.4
Task 7: Counting 0.7 0.6 0.6 1.4
Task 8: Lists/Sets 0.5 0.1 0.3 0.9
Task 9: Simple Negation 0.1 0.1 0.1 0.7
Task 10: Indefinite Knowledge 2.3 1.8 1.5 1.7
Task 11: Basic Coreference 0.9 1.5 1.6 2.1
Task 12: Conjunction 4.8 3.6 4.3 4.2
Task 13: Compound Coreference 3.9 2.5 3.6 3.6
Task 14: Time Reasoning 0.9 0.7 0.5 0.0
Task 15: Basic Deduction 0.1 0.0 0.0 0.0
Task 16: Basic Induction – 52.6 – –
Task 17: Positional Reasoning 18.4 4.6 6.5 2.3
Task 18: Size Reasoning 1.5 0.6 0.8 0.2
Task 19: Path Finding 0.8 7.9 1.5 3.7
Task 20: Agent Motivations 0.0 0.0 0.0 0.4

Table S3: Percentage error of different architectures on the different tasks of the
bAbI dataset: According to Weston et al. [Weston et al., 2015], tasks with errors under
5% are considered solved. The four columns from left-to-right are as follows. Column
1: Error of the Spiking RelNet (version benchmarked in the main text) on the 17 tasks
it was trained on. All but task 17 are solved to within 5% Error. Column 2: Error of
the non-spiking RelNet (our implementation) on the 20 tasks it was trained on. Column
3: Spiking RelNet where we increase just the number of compute steps of the feed-forward
networks to Tsim = 45ms (compared to 37ms in the original network). We see here an
immediate improvement in the performance of task 17. Column 4: Spiking RelNet with
all time lengths, refractory periods, and time constants tripled compared to the original
network, and other parameters adjusted to effectively slow the entire simulation by a
factor of three. We now have Tsim = 110ms, Tinp = 40ms, Tword = 30ms (compared to
Tsim = 37ms, Tinp = 14ms, Tword = 10ms in the original network). Other parameters
are compared in Table S1. With all times tripled, we can solve all 17 tasks to under 5%
error. However, when implemented, the EDP increases roughly 4.5-fold. Thus we see that
we tradeoff accuracy on a single task for a significant improvement in energy efficiency
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# sentences Power (W) Time per Latency Latency Energy per Energy Energy Delay EDP
Hardware # cores Static Dynamic Total time step (µs) (ms) ratio Inference (mJ) ratio Product (µJs) ratio

Loihi
20

2320 cores

x86 cores 0.01 0.44 0.44
45.73 6.54 1.00x

2.89
1.00x 148.47 1.00xneuron cores 1.89 1.14 3.03 19.82

total 1.90 1.57 3.47 22.70

Nvidia RTX 2070 20
batch size 1 33.50 5.89 39.39 - 2.51 0.38x 98.88 4.36x 248.18 1.67x
batch size 50 33.50 73.86 107.36 - 4.43 0.68x 9.51 0.42x 42.14 0.28x
batch size 100 33.50 82.38 115.88 - 8.26 1.26x 9.57 0.42x 79.06 0.53x

Loihi
16*

1552 cores

x86 cores 0.00 0.43 0.43
55.89 7.99 1.00x

3.47
1.00x 151.77 1.00xneuron cores 1.16 0.78 1.94 15.52

total 1.17 1.21 2.38 18.99

Nvidia RTX 2070 16
batch size 1 33.36 5.47 38.82 - 2.6 0.33x 100.94 5.32x 262.45 1.73x
batch size 50 33.36 51.47 84.83 - 4.82 0.60x 8.18 0.43x 39.42 0.26x
batch size 100 33.36 76.36 109.71 - 5.43 0.68x 5.96 0.31x 32.35 0.21x

Loihi
10

700 cores

x86 cores 0.01 0.44 0.45
36.36 5.20 1.00x

2.33
1.00x 58.73 1.00xneuron cores 0.86 0.86 1.72 8.96

total 0.87 1.30 2.17 11.30

Nvidia RTX 2070 10
batch size 1 33.90 4.63 38.53 - 2.28 0.44x 87.86 7.78x 200.31 3.41x
batch size 50 33.90 54.37 88.27 - 3.47 0.67x 6.13 0.54x 21.26 0.36x
batch size 100 33.90 65.15 99.05 - 3.97 0.76x 3.93 0.35x 15.61 0.27x

Loihi
6

332 cores

x86 cores 0.01 0.45 0.46
27.64 3.95 1.00x

1.81
1.00x 29.11 1.00xneuron cores 0.42 0.99 1.41 5.56

total 0.43 1.44 1.86 7.37

Nvidia RTX 2070 6
batch size 1 33.80 5.58 39.38 - 2.23 0.56x 87.82 11.92x 195.84 6.73x
batch size 50 33.80 44.76 78.56 - 3.2 0.81x 5.03 0.68x 16.09 0.55x
batch size 100 33.80 52.82 86.62 - 3.76 0.95x 3.26 0.44x 12.25 0.42x

Loihi
2

124 cores

x86 cores 0.01 0.46 0.47
22.96 3.28 1.00x

1.53
1.00x 18.36 1.00xneuron cores 0.17 1.07 1.24 4.06

total 0.18 1.53 1.70 5.59

Nvidia RTX 2070 2
batch size 1 33.27 4.99 38.26 - 2.41 0.73x 92.20 16.49x 222.21 12.10x
batch size 50 33.27 41.62 74.89 - 2.92 0.89x 4.37 0.78x 12.77 0.70x
batch size 100 33.27 46.38 79.64 - 3.48 1.06x 2.77 0.50x 9.64 0.53x

Table S4: Benchmark results for question-answering task using RelNet Bench-
marking comparison and scaling analysis of the Spiking RelNet on Loihi against the cor-
responding ANN on GPU2. The data set was grouped by number sentences per sample
which in turn determines the number of AHP-SNNs and therefore cores per sample. Mea-
surements were done using 250 input samples. The energy per inference was calculated
using total power values.
*For network size 16 only 100 input samples were used, as there are not enough test samples
containing 16 sentences.

S7



S4.3 Details of the Spiking RelNet architecture111

The embedding networks112

In order to embed sentences and questions into spike sequence, we use AHP-SNN Networks.113

The AHP-SNN network for sentences uses a different set of weights than those used by114

the AHP-SNN network for questions, however all other parameters are identical and are115

described below.116

Each AHP-SNN contains 100 LIF-neurons and 100 AHP-neurons. The synaptic delays117

take an integer value uniformly from 1 to 3 ms. Note here that all time lengths and time118

constants are specified in terms of computation steps on Loihi, with 1 computation step119

corresponding to 1ms.120

The input to the AHP-SNN is described here. We assign each distinct word from the121

bAbl dataset an index, and associate an input neuron. When a word is provided as input122

to the AHP-SNN, the corresponding input neuron, and only that neuron, emits spikes123

continuously for Tword = 10ms. To present a sentence or question to the AHP-SNN, each124

word in it is encoded as above, and input to the AHP-SNN in sequence so that the first125

word is aligned to the final time step. Thus the input to the AHP-SNN takes at most126

10ms∗Nwords = 110ms where Nwords = 11 is the maximum number of words in a sentence127

or question of the bAbI task. These input neurons are connected to the AHP-SNN in an128

all-to-all manner.129

The final embedded spike sequences oi(t)/q(t) are formed by taking The spike activity130

of the AHP-SNN over the last Tinp = 14ms, and padding them with zeros up to a total131

compute time of Tsim = 37ms. These embeddings are the input to the instances of the132

relational function gθ(oi(t), oj(t), q(t)), and consequently all the feed-forward LIF-neuron133

networks from this point on are run for a length of Tsim. The zero padding and the longer134

compute time Tsim > Tinp are necessary so that the spikes from the embedding have135

enough time steps to propagate through the several layers of the feed-forward LIF-neuron136

networks.137

The relational function138

Currently, the relational function gθ is implemented as a 4-layer feed-forward network of139

LIF-neurons without AHP-currents, with 256 neurons in each layer. Each layer is connected140

all-to-all to the next. The synaptic delays take up values from 1 to 3 ms. The relational141

function takes as input a triplet containing a pair of embedded sentences and the embedded142

question (oi(t), oj(t), q(t)), and returns an output spike sequence. The spike sequences of143

the sentence pair and question are weighted and fed via all-to-all connections to the first144

layer.145

The above relational function is applied once for each pair of sentences i, j in the story146

where i ≤ j. Note that there are instances of gθ that receive the same sentence twice i.e.147

i = j The output of each instance of the relational function is a spike matrix,148

The aggregation layer149

The aggregation layer is an addition to the original architecture proposed in Santoro et.150

al.[Santoro et al., 2017], which is necessary due to constraints of neuromorphic hardware.151
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These constraints are discussed in section S4.5. The aggregation is a single layer of LIF-152

neurons without AHP-currents, such that the output of each instance of gθ is connected153

one-to-one to this layer. This implements an element-wise function fagg on the outputs of154

gθ instances summed. Each neuron of the aggregation layer receives as input the sum of155

the output spikes across all gθ instances, and outputs a spike sequence.156

The readout function157

The readout function fφ(·) is implemented using a 3 layer feed-forward LIF-neuron network,158

with layer sizes 256, 512, 160, followed by a specially designed linear readout that is159

described in the methods section of the main text. Each layer, including the readout, is160

connected all-to-all to the next. The synaptic delays take up values from 1 to 3 ms.161

S4.4 Details of Spiking RelNet training162

Pretraining the AHP-SNN networks163

In order to reduce the number of epochs required to train the Spiking RelNet, we choose to164

pre-train the AHP-SNN’s that embed the sentences and questions as below. We first train a165

non-spiking implementation of the RelNet end-to-end until we reach optimal performance.166

The non-spiking AHP-SNN uses LSTM units to embed the sentences and questions into167

representations. We then train the AHP-SNN to reproduce the output of these pre-trained168

LSTM networks for all the sentences used in the database.169

In order to readout a value from the AHP-SNN, which can be compared to the LSTM170

output, we use a linear readout similar to the one used to train the entire Spiking RelNet171

(described in the main Methods). The number of readout units matches the dimension of172

the LSTM that we wish to approximate i.e. 32. We then compare the value of this readout173

to the output of the LSTM, using mean squared error. This mean squared error is used as174

the loss function to train the AHP-SNN weights using back-propagation in time (BPTT).175

The weights of the AHP-SNN are then frozen, and the resultant spike embeddings learnt176

here are used as the input when training the weights of the feed-forward part of the Spiking177

RelNet. Note that when we use the spikes of these pre-trained AHP-SNN’s as input to the178

gθ instances, the readout weights that were used to pre-train the AHP-SNN are not used in179

any way. We directly connect the AHP-SNN spikes to gθ using randomly initialized weights180

and train these weights. We find that, once pre-trained, all the information pertaining to181

the sentence is encoded within the spikes of the AHP-SNN, which can then be processed182

by the feed-forward part.183

Rate regularization for gθ instances184

For all other layers, the rate regularization pushes the mean rate of each neuron across the185

batch toward a specific target rate. However we use a more aggressive regularization for186

the spike rates of the instances of gθ.187

Corresponding to each layer of gθ, we calculate the following loss. Consider the b’th188

story in the batch. For this story, we denote spike rate of the neuron k, in the (i, j)’th189

instance of gθ as ρbk,ij Now we define Rbk =
∑

1≤i≤j≤M ρbk,ij as the total spike rate of neuron190

k across all gθ instances for the b’th story. We then define the rate regularization loss as191

S9



below:192

LR = λR(meank (meanb(R
b
k)−R target)

2)2.

We calculate a similar loss for each layer of gθ and sum them up as a part of the final193

loss. For each neuron, this regularization loss pushes the sum of its spike rate across the194

gθ instances to a target value of Rtarget. For our networks, R target = 300Hz. For a task195

with two sentences, this translates to a target of 3.7 spikes per neuron, and for a task with196

20 sentences, this corresponds to 0.05 spikes per neuron. The corresponding spike rates197

achieved when trained can be seen in the main text Fig. 3 B.198

S4.5 Constraints on connectivity on Loihi199

In this section we discuss the restrictions on network connectivity and the strategies used200

to place a Spiking RelNet that processes stories up toM = 20 sentences in length. In order201

to understand the following section, it is useful to define some of the relevant terminology:202

Neuro-Core A neuro-core (short for neuromorphic core) is a fundamental computational203

element in the Loihi chip. Each neuro-core can compute the dynamics of up to 1024204

Neurons, and contains a shared SRAM which contains data pertaining to the weights205

of the incoming synapses as well as shared configuration and state variables.206

Chip A Loihi chip is a block of 128 interconnected neuro-cores integrated within the same207

silicon substrate. It is possible for multiple chips to be connected together to allow208

for a larger number of interconnected neuro-cores and thereby larger networks.209

Axon The axon is a structure that is part of the infrastructure that implements connectiv-210

ity and spike transport in Loihi. Loihi implements the connectivity between different211

neuro-cores via inter-core connections called axons. Each axon indexed by (i, C) is212

a connection between a presynaptic neuron i and a postsynaptic neuro-core C. If an213

axon (i, C) is connected, all spikes generated by the presynaptic neuron i, are routed214

through this axon to neuro-core C, where it is weighted by the relevant weights and215

delivered to the postsynaptic neurons. Each axon (i, C) is considered to be an input216

axon of neuro-core C and an output axon of the neuro-core that contains neuron i.217

We now discuss here the various constraints and their impact on the network architec-218

ture and placement.219

Synaptic memory limit220

As mentioned earlier, the SRAM in a neuro-core is used to store the parameters for any221

incoming connection to that neuro-core. The limited per-neuro-core SRAM memory for222

synaptic parameters puts a limit on the number of incoming synapses to a particular neuro-223

core. Except the aggregation layer, all layers in the network have densely connected input224

synapses which translates to a larger number of incoming connections than can fit into a225

single neuro-core. Thus, need to appropriately split the postsynaptic neurons across several226

neuro-cores so that the total number of synapses coming into each neuro-core can fit into227

the memory.228
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Limits pertaining to fanouts – AHP-SNN relay layer229

Loihi has two limits that pertain to the fanout of a layer.230

• output axon limit – The number of outgoing axons from a neuro-core is limited in231

general to 2048, and 4096 if all the outgoing axons are connected to neuro-cores232

within the same chip.233

• neuro-core fanout limit – The number of different neuro-cores to which a single neuron234

can be connected to is at-most 512.235

This constraint plays a role only in the case of the connections from the AHP-SNN’s236

to the first layer of the instances of gθ. To see this, we have M(M+1)
2 = 210 instances of gθ.237

For a particular sentence k, there are exactly M pairs (i, j) :: 1 ≤ i ≤ j ≤M that contain238

k. There is also the pair (k, k) which contains k twice. This means that the output of the239

corresponding AHP-SNN-k (ok(t)) is connected to a gθ instanceM+1 times in an all-to-all240

manner. It takes 4 neuro-cores (Table S5) to place the first layer of an instance of gθ. This241

implies that each neuron of AHP-SNN-k is connected to 4 × (M + 1) = 84 neuro-cores,242

implying 84 output axons per AHP-SNN neuron. Similarly for the question-AHP-SNN,243

since it forms an input to all the instances of gθ, we get 4× M(M+1)
2 = 840 output axons244

per AHP-SNN neuron.245

Given the above number of output axons per neuron, the output axon limit puts a246

stronger limit on the number of neurons per neuro-core than the synaptic memory limit.247

However, the AHP-SNN is a recurrent network and inter-core communication will lead248

to significant latency if the neurons of the AHP-SNN are spread across too many neuro-249

cores. Moreover, for the question-AHP-SNN, that fact that each neuron fans out to 840250

neuro-cores means that we violate the neuro-core fanout limit.251

This motivates the use of relay networks. A relay layer, as the name suggests relays252

spikes from the layer that forms the input. It has the same number of neurons as the input253

layer and the input layer is connected in a one-to-one manner to it. Each time a neuron of254

the relay layer receives a spike, it generates a spike, thereby reproducing the input spike255

train as the output spike train.256

Each AHP-SNN is connected to multiple relay layers, each of which fans-out to a257

subset of the gθ instances that take the corresponding sentence/question as input. Since258

the connection from the AHP-SNN to the relay neurons is one-to-one, and we fanout to259

fewer relay networks than the original fanout to the gθ instances, we have a much reduced260

fanout from the AHP-SNN. So much so that this is no longer the a constraint in placing the261

AHP-SNN. Also each relay neuron fans out to fewer neuro-cores than the original AHP-262

SNN, and can be split across neuro-cores without additional latency cost, thus satisfying263

all fanout constraints.264

The actual choice of relays and the fanouts from the relays is determined in a manner265

that minimize congestion in spike transport (described below in section S4.6).266

Each sentence-AHP-SNN fans out to 4 relay networks and the question-AHP-SNN267

fans out to 10. Each AHP-SNN can be placed on 2 neuro-cores (see Table S5), meaning268

each neuro-core has 100 neurons. The number of output axons per neuro-core for the269

AHP-SNN’s are then 4 ∗ 100 = 400 and 10 ∗ 100 = 1000 for the sentence-AHP-SNN and270

question-AHP-SNN respectively, both well within the output axon limits.271
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Input axon limit – the aggregation layer272

Loihi limits each neuro-core to have a maximum of 4096 input axons. Note here that if273

a neuron i is connected to even a single neuron in neuro-core C, the axon (i, C) is an274

input axon of neuro-core C. In this case, we denote neuron i as being presynaptic to the275

neuro-core C. The input axon limit means that for any neuro-core, a maximum of 4096276

neurons can be presynaptic to that neuro-core. Unlike the above two constraints which277

can be worked around, the input axon limit introduces a fundamental restriction to the278

network architectures that can be implemented on Loihi.279

In the original formulation of relational networks in [Santoro et al., 2017], the outputs280

from all the relational function instances are summed together to form the input to the281

final readout function fφ. In an ideal scenario, it is possible to implement this using282

spiking networks using the fact that incoming spike inputs can be summed into the PSC’s283

of the postsynaptic neurons. However, when the summed spike train forms an input that284

is connected all-to-all into the fφ network, it becomes a problem. To implement this, we285

would need to connect each relational function instance in an all-to-all manner to the final286

readout function, with shared weights across the different instances. However, consider287

that the output dimension of the relational function is 256. This connectivity would mean288

that if we consider a single neuron of the first layer of fφ, this neuron would receive input289

from all 256 · M(M+1)
2 = 53760 output neurons across the instances of gθ. This means that290

a neuro-core with even a single such neuron would have 53760 presynaptic neurons, and291

thus input axons, which is completely beyond the input axon limit.292

In order to deal with this constraint, we have modified the original architecture of the293

Relational Network by adding an aggregation layer. The aggregation layer is a layer of294

spiking LIF-neurons, that has the same number of neurons as the output layer of gθ, and295

to which each instance of gθ is connected one-to-one with weights shared across the gθ296

instances. This leads to each neuron from the aggregation layer having 210 presynaptic297

neurons. The input axon limit thus allows up to 19 neurons per neuro-core, and the 256298

neurons of the aggregation layer can be placed onto 14 neuro-cores.299

In Table S5, we give the number of neuro-cores required to place an instance of a layer300

is given for the different layers of the Spiking RelNet. Also mentioned are the constraints301

that lead to the layers being split across as many neuro-cores.302

S4.6 Optimized network placement to minimize spike congestion303

In the methods section of the main text, we discuss how it is necessary to place the relay304

layers and the the several instances of the relational function gθ in a careful manner so305

that the amount of cross-chip communication is minimized.306

In order to perform this optimization, it is quite difficult to actually optimize the cross-307

chip communication as that is not easy to calculate directly as a function of the network308

placement. Instead, we first notice that a majority of the spike congestion occurs when309

transferring the spikes from the AHP-SNN networks, via the relay layers to the input of310

the various instances of gθ. Thus it makes sense to optimize the placement of the relay311

layers and first layer of the instances gθ in such a manner that the number of connections312

across chips is minimized. This objective is translated into the following constraints on the313

network placement.314
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Relational Network Number of cores Number of
Layer Layer Size per instance Connectivity limit Instances Total Cores
AHP-SNN (Sentences) 200 2 Synaptic Memory M = 20 40
AHP-SNN (Question) 200 2 Synaptic Memory 1 2
Relay networks (sentences) 200 1-2* Output Axon 4M = 80* 100
Relay networks (questions) 200 3-5* Output Axon 10* 42
gθ Layer 1 256 4 Synaptic Memory M(M+1)

2 = 210 840
gθ Layer 2 256 2 Synaptic Memory 210 420
gθ Layer 3 256 2 Synaptic Memory 210 420
gθ Layer 4 256 2 Synaptic Memory 210 420
Aggregation Layer 256 14 Input Axon 1 14
fφ Layer 1 256 2 Synaptic Memory 1 2
fφ Layer 2 512 4 Synaptic Memory 1 4
fφ Layer 3 160 3 Synaptic Memory 1 3
Linear Readout Layer 180 1 Synaptic Memory 1 1

Total Cores: 2308
* Determined by placement scheme that minimizes spike congestion.

Table S5: Parameters for the placement of the Spiking RelNet onto Loihi: This
table gives, for each layer of the relational network, the number of cores required to place
all the neurons in a single instance of that layer. Among the three limits on connectivity,
i.e. limits on synaptic memory, input axons, and output axons, the limit that ultimately
results in the layer needing to be divided among multiple cores is specified as the corre-
sponding connectivity limit. Also mentioned are the number of instances of each network
corresponding to a maximum story size of M = 20 sentences, and the total number of
cores needed.

• Firstly, a relay layer that forms an input to an instance of gθ is located on the same315

chip as the first layer of that instance. That is, we place initial layer of the gθ316

instances on the same chip as the relay layers that give them their corresponding317

input sentence and question embeddings.318

• With this constraint, the connections from the AHP-SNN’s to the relay layers become319

the cross-chip communication that needs to be optimized, meaning that we need to320

minimize the number of relay layers used. Each chip has a limit of 128 neuro-cores321

and thus a limit on the number of gθ instances whose initial layers can be placed on322

a single chip. Thus, when choosing the gθ instances to be placed on the same chip,323

we select them such that the number of distinct sentences needed as input for this324

set of instances is minimized, thus minimizing the number of relay layers.325

The resultant placement of the relay networks and the initial layer of the instances of326

gθ is detailed in Fig. S2.327

For the subsequent layers of the gθ instances, we simply place each instance in sequence328

with only the constraint that all the remaining 3 Layers should lie on the same chip. We329

find that the cross-chip communication from the first layer to the subsequent layers is very330

minimal and does not cause a significant delay.331

The advantage of such this layout is two-fold. Firstly, since a majority of the con-332

nections are within the chip, this significantly reduces the congestion that happens when333
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transporting the spikes across chips. Secondly, since each relay network fans out only to334

neuro-cores that are placed on the same chip, the output axon limit is now 4096 rather335

than 2048 thus requiring fewer relay networks.336

oj(t)
oi(t)
q(t)

Sentence Relay Network
Question Relay Network
Relational Function Instance
Chip on loihi

1

12345 6 

2 3 4 5 6 ...

...

sentence indexA B

sentence index

... 20

...
20

Figure S2: Placement of relay networks and the initial layer of gθ instances that
minimizes spike congestion: A) Here we show how the first layer of the several
instances of the relational function gθ are placed across the several chips. The instances
of gθ are arranged according to the indices of the input sentences oi(t), oj(t) : i ≤ j. Each
blue/cyan block corresponds to a single Loihi chip, within which we show the gθ instances
whose first layer is placed on that chip, along with the relay layers that give them the
input. Each cell also has a relay layers for the question embedding q(t). The instances
are grouped into squares because this minimizes the number of distinct inputs (i.e. relay
layers) needed. B) A blowup of a chip showing the connections between the relay layers
and the contained instances of gθ.
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