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Concepts for Coding Neural Networks Parameters

Description

Technical Field

Embodiments according to the invention are related to coding concepts for neural networks

parameters.

Background of the Invention

1 Application Area

In their most basic form, neural networks constitute a chain of affine transformations followed
by an element-wise non-linear function. They may be represented as a directed acyclic graph,
as depicted in Fig. 1. Fig. 1 shows a schematic diagram of an lllustration of a neural network,
here exemplarily a 2-layered feed forward neural network. In other words, Figure 1 shows a
graph representation of a feed forward neural network. Specifically, this 2-layered neural
network is a non linear function which maps a 4-dimensional input vector into the real line. The
neural network comprises 4 neurons 10c, according to the 4-dimensional input vector, In an
Input layer which is an input of the neural network and 5 neurons 10c¢ in a Hidden layer, and 1
neuron 10c in the Output layer which forms an output of the neural network. The neural network
further comprises neuron interconnections 11, connecting neurons from different — or
subsequent - layers. The neuron interconnections 11 may be associated with weights, wherein
the weights are associated with a relationship between the neurons 10¢ connected with each
other. In particular, the weights weight the activation of neurons of one layer when forwarded
to a subsequent layer, where, in turn, a sum of the inbound weighted activations is formed at
each neuron of that subsequent layer — corresponding to the linear function — followed by a
non-linear scalar function applied to the weighted sum formed at each neuron/node of the
subsequent layer — corresponding to the non-linear function. Thus, each node, e.g. neuron
10c, entails a particular value, which is forward propagated into the next node by multiplication
with the respective weight value of the edge, e.g. the neuron interconnections 11. All incoming

values are then simply aggregated.

Mathematically, the neural network of Fig. 1 would calculate the output in the following manner:
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output = o(Wsy - (W7 - input))

where WZ2 and W71 are neural networks parameters, e.qg., the neural networks weight
parameters (edge weights) and sigma is some non-linear function. For instance, so-called
convolutional layers may also be used by casting them as matrix-matrix products as described
in [1]. From now on, we will refer as inference the procedure of calculating the output from a
given input. Also, we will call intermediate results as hidden layers or hidden activation values,
which constitute a linear transformation + element-wise non-linearity, e.g., such as the

calculation of the first dot product + non-linearity above.

Usually, neural networks are equipped with millions of parameters, and may thus require
hundreds of MB (e.g. Megabyte) in order to be represented. Consequently, they require high
computational resources in order to be executed since their inference procedure involves
computations of many dot product operations between large matrices. Hence, it is of high
importance to reduce the complexity of performing these dot products.

Likewise, in addition to the abovementioned problems, the large number of parameters of
neural networks has to be stored and may even need to be transmitted, for example from a
server to a client. Further, sometimes it is favorable to be able to provide entities with
information on a parametrization of a neural network gradually such as in a federated learning
environment, or in case of offering a neural network parametrization at different stages of
quality which a certain recipient has paid for, or is able to deal with when using the neural

network for inference.

Therefore, it is desired to provide concepts for an efficient coding of neural network
parameters, more efficient in terms of, for instance, compression. Additionally, or alternatively,
it Is desired to reduce a bit stream and thus a signalization cost for neural network parameters.

This object is achieved by the subject matter of the independent claims of the present
application.

Further embodiments according to the invention are defined by the subject matter of the

dependent claims of the present application.
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Summary of the Invention

Embodiments according to a first aspect of the invention comprise apparatuses for decoding
neural network parameters, which define a neural network, from a data stream, configured to
sequentially decode the neural network parameters by selecting, for a current neural network
parameter, a set of reconstruction levels out of a plurality of reconstruction level sets
depending on quantization indices decoded from the data stream for previous neural network
parameters. In addition, the apparatuses are configured to sequentially decode the neural
network parameters by decoding a quantization index for the current neural network parameter
from the data stream, wherein the quantization index indicates one reconstruction level out of
the selected set of reconstruction levels for the current neural network parameter, and by
dequantizing the current neural network parameter onto the one reconstruction level of the
selected set of reconstruction levels that is indicated by the quantization index for the current

neural network parameter.

Further embodiments according to a first aspect of the invention comprise apparatuses for
encoding neural network parameters, which define a neural network, into a data stream,
configured to sequentially encode the neural network parameters by selecting, for a current
neural network parameter, a set of reconstruction levels out of a plurality of reconstruction level
sets depending on quantization indices encoded into the data stream for previously encoded
neural network parameters. In addition, the apparatuses are configured to sequentially encode
the neural network parameters by quantizing the current neural network parameter onto the
one reconstruction level of the selected set of reconstruction levels, and by encoding a
quantization index for the current neural network parameter that indicates the one
reconstruction level onto which the quantization index for the current neural network parameter

IS quantized into the data stream.

Further embodiments according to a first aspect of the invention comprise a method for
decoding neural network parameters, which define a neural network, from a data stream. The
method comprises sequentially decoding the neural network parameters by selecting, for a
current neural network parameter, a set of reconstruction levels out of a plurality of
reconstruction level sets depending on quantization indices decoded from the data stream for
previous neural network parameters. In addition, the method comprises sequentially encoding
the neural network parameters by decoding a quantization index for the current neural network
parameter from the data stream, wherein the quantization index indicates one reconstruction
level out of the selected set of reconstruction levels for the current neural network parameter,

and by dequantizing the current neural network parameter onto the one reconstruction level of
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the selected set of reconstruction levels that is indicated by the quantization index for the

current neural network parameter.

Further embodiments according to a first aspect of the invention comprise a method for
encoding neural network parameters, which define a neural network, into a data stream. The
method comprises sequentially encoding the neural network parameters by selecting, for a
current neural network parameter, a set of reconstruction levels out of a plurality of
reconstruction level sets depending on gquantization indices encoded into the data stream for
previously encoded neural network parameters. In addition, the method comprises
sequentially encoding the neural network parameters by quantizing the current neural network
parameter onto the one reconstruction level of the selected set of reconstruction levels, and
by encoding a quantization index for the current neural network parameter that indicates the
one reconstruction level onto which the quantization index for the current neural network

parameter Is quantized into the data stream.

Embodiments according to a first aspect of the present invention are based on the idea, that
neural network parameters may be compressed more efficiently by using a non-constant
quantizer, but varying same during coding the neural network parameters, namely by selecting
a set of reconstruction levels depending on quantization indices decoded from, or respectively
encoded, into the data stream for previous or respectively previously encoded neural network
parameters. Therefore, reconstruction vectors, which may refer to an ordered set of neural
network parameters, may be packed more densely in the N-dimensional signal space, wherein
N denotes the number of neural network parameters in a set of samples to be processed. Such
a dependent quantization may be used for the decoding and dequantization by an apparatus

for decoding or for quantizing and encoding by an apparatus for encoding respectively.

Embodiments according to a second aspect of the present invention are based on the idea
that a more efficient neural network coding may be achieved when done in stages — called
reconstruction layers to distinguish them from the layered composition of the neural network
IN neural layers — and if the parametrizations provided in these stages are then, neural network
parameter-wise combined to yield a neural network parametrization improved compared to
any of the stages. Thus, apparatuses for reconstructing neural network parameters, which
define a neural network, may derive, first neural network parameters, e.g. first-reconstruction-
layer neural network parameters, for a first reconstruction layer to vyield, per neural network
parameter, a first- reconstruction-layer neural network parameter value. The first neural

network parameters might have been transmitted previously during, for instance, a federated
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learning process. Moreover the first neural network parameters may be a first- reconstruction-
layer neural network parameter value. In addition, the apparatuses are configured to decode
second neural network parameters, e.g. second- reconstruction-layer neural network
parameters to distinguish them from the, for example final neural network parameters, for a
second reconstruction layer from a data stream to yield, per neural network parameter, a
second-reconstruction-layer neural network parameter value. The second neural network
parameters might have no self-contained meaning in terms of neural network representation,
but might merely lead to a neural network representation, namely the, for example, final neural
network parameters, when combined with the parameter of the first representation layer.
Furthermore, the apparatuses are configured to reconstruct the neural network parameters by,
for each neural network parameter, combining the first-reconstruction-layer neural network

parameter value and the second-reconstruction-layer neural network parameter value.

Further embodiments according to a second aspect of the invention comprise apparatuses for
encoding neural network parameters, which define a neural network, by using first neural
network parameters for a first reconstruction layer which comprise, per neural network
parameter, a first- reconstruction-layer neural network parameter value. In addition, the
apparatuses are configured to encode second neural network parameters for a second
reconstruction layer into a data stream, which comprise, per neural network parameter, a
second-reconstruction-layer neural network parameter value, wherein the neural network
parameters are reconstructible by, for each neural network parameter, combining the first-
reconstruction-layer neural network parameter value and the second-reconstruction-layer

neural network parameter value.

Further embodiments according to a second aspect of the invention comprise a method for
reconstructing neural network parameters, which define a neural network. The method
comprises deriving first neural network parameters, which might have been transmitted
previously during, for instance, a federated learning process, and which could for example be
called first-reconstruction-layer neural network parameters, for a first reconstruction layer to
vield, per neural network parameter, a first- reconstruction-layer neural network parameter

value,

In addition, the method comprises decoding second neural network parameters, which could,
for example, be called second- reconstruction-layer neural network parameters to distinguish
them from the for example final, e.g. reconstructed neural network parameters, for a second
reconstruction layer from a data stream to yield, per neural network parameter, a second-

reconstruction-layer neural network parameter value, and the method comprises
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reconstructing the neural network parameters by, for each neural network parameter,
combining the first-reconstruction-layer neural network parameter value and the second-
reconstruction-layer neural network parameter value. The second neural network parameters
might have no self-contained meaning in terms of neural representation, but might merely lead
to a neural representation, namely the, for example final neural network parameters, when

combined with the parameter of the first representation layer.

Further embodiments according to a second aspect of the invention comprise a method for
encoding neural network parameters, which define a neural network, by using first neural
network parameters for a first reconstruction layer which comprise, per neural network
parameter, a first- reconstruction-layer neural network parameter value. The method
comprises encoding second neural network parameters for a second reconstruction layer into
a data stream, which comprise, per neural network parameter, a second-reconstruction-layer
neural network parameter value, wherein the neural network parameters are reconstructible
by, for each neural network parameter, combining the first-reconstruction-layer neural network

parameter value and the second-reconstruction-layer neural network parameter value.

Embodiments according to a second aspect of the present invention are based on the idea,
that neural networks, e.g. defined by neural network parameters, may be compressed and/or
transmitted efficiently, e.g. with a low amount of data in a bitstream, using reconstruction-
layers, for example sublayers, such as base-layers and enhancement-layers. The
reconstruction layers may be defined, such that the neural network parameters are
reconstructible by, for each neural network parameter, combining the first-reconstruction-layer
neural network parameter value and the second-reconstruction-layer neural network
parameter value. This distribution enables an efficient coding, e.g. encoding and/or decoding,
and/or transmission of the neural network parameters. Therefore, second neural network
parameters for a second reconstruction layer may be encoded and/or transmitted separately

INnto the data stream.

Brief Description of the Drawings

The drawings are not necessarily to scale, emphasis instead generally being placed upon
llustrating the principles of the invention. In the following description, various embodiments of

the invention are described with reference to the following drawings, in which:
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Fig. 1 shows a schematic diagram of an lllustration of a 2-layered feed forward neural network

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

that may be used with embodiments of the invention;

shows a schematic diagram of a concept for dequantization performed within an
apparatus for decoding neural network parameters, which define a neural network from

a data stream according to an embodiment;

shows a schematic diagram of a concept for quantization performed within an
apparatus for encoding neural network parameters into a data stream according to an

embodiment;

shows a schematic diagram of a concept for decoding performed within an apparatus
for reconstructing neural network parameters, which define a neural network, according

to an embodiment:

shows a schematic diagram of a concept for encoding performed within an apparatus
for reconstructing neural network parameters, which define a neural network, according

to an embodiment;

shows a schematic diagram of a concept using reconstruction layers for neural network

parameters for usage with embodiments according to the invention;

shows a schematic diagram of an lllustration of a uniform reconstruction quantizer

according to embodiments of the invention;

shows an example of locations of admissible reconstruction vectors for the simple case

of two weight parameters according to embodiments of the invention;

shows examples for dependent quantization with two sets of reconstruction levels that
are completely determined by a single quantization steps size A according to

embodiments of the invention;

Fig. 10 shows an example for a pseudo-code Illustrating a preferred example for the

reconstruction process for neural network parameters, according to embodiments of

the invention;
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Fig 11 shows an example for a splitting of the sets of reconstruction levels into two subsets

FIg

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

Fig.

FIg

according to embodiments of the invention;

12shows an example of pseudo-code illustrating a preferred example for the
reconstruction process of neural network parameters for a layer according to

embodiments;

13 shows preferred examples for the state transition table sttab and the table setld, which
specifies the quantization set associated with the states according to embodiments of
the Invention;

14 shows preferred examples for the state transition table sttab and the table setld, which
specifies the quantization set associated with the states, according to embodiments of
the Invention;

15shows a pseudo-code illustrating an alternative reconstruction process for neural
network parameter levels, in which quantization index equal to 0 are excluded from the
state transition and dependent scalar quantization, according to embodiments of the

Invention;

16 shows examples of state transitions in dependent scalar quantization as trellis structure
according to embodiments of the invention;

17 shows an example of a basic trellis cell according to embodiments of the invention;

18 shows a Trellis example for dependent scalar quantization of 8 neural network

parameters according to embodiments of the invention;

19 shows example trellis structures that can be exploited for determining sequences (or
blocks) of quantization indexes that minimize a cost measures (such as an Lagrangian

cost measure D+A-R), according to embodiments of the invention;

. 20 shows a block diagram of a method for decoding neural network parameters, which

define a neural network, from a data stream according to embodiments of the invention;

Fig 21 shows a block diagram of a method for encoding neural network parameters, which

define a neural network, into a data stream according to embodiments of the invention;
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Fig. 22 shows a block diagram of a method for reconstructing neural network parameters,

which define a neural network, according to embodiments of the invention; and

Fig. 23 shows a block diagram of a method for encoding neural network parameters, which

define a neural network, according to embodiments of the invention.

Detailed Description of the Embodiments

Equal or equivalent elements or elements with equal or equivalent functionality are denoted Iin
the following description by equal or equivalent reference numerals even if occurring in

different figures.

In the following description, a plurality of details is set forth to provide a more thorough
explanation of embodiments of the present invention. However, it will be apparent to those
skilled in the art that embodiments of the present invention may be practiced without these
specific details. In other instances, well-known structures and devices are shown in block
diagram form rather than in detail in order to avoid obscuring embodiments of the present
invention. In addition, features of the different embodiments described herein after may be
combined with each other, unless specifically noted otherwise.

The description starts with a presentation of some embodiments of the present application.
This description is pretty generic, but provides the reader with an outline of the functionalities
on which embodiments of the present application are based. Subsequently, a more detailed
description of these functionalities is present, along with a motivation for the embodiments and
how they achieve the efficiency gain described above. The details are combinable with the

embodiments described now, individually and in combination.

Fig. 2 shows a schematic diagram of a concept for dequantization performed within an
apparatus for decoding neural network parameters which define a neural network from a data
stream according to an embodiment. The neural network may comprise a plurality of
interconnected neural network layers, e.g. with neuron interconnections between neurons of
the interconnected layers. Fig. 2 shows gquantization indexes 56 for neural network parameters
13, for example encoded, in a data stream 14. The neural network parameters 13 may, thus,

define or parametrize a neural network such as in terms of its weights between its neurons.
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The apparatus is configured to sequentially decode the neural network parameters 13. During
this sequential processing, the quantizer (reconstruction level set) Is varied. This variation
enables to use quantizers with fewer (or better less dense) levels and, thus, enable smaller
quantization indices to be coded, wherein the quality of the neural network representation
resulting from this quantization compared to the needed coding bitrate is improved compared
to using a constant quantizer. Details are set out later on. In particular, the apparatus
sequentially decodes the neural network parameters 13 by selecting 54 (reconstruction level
selection), for a current neural network parameter 13’, a set 48 (selected set) of reconstruction
levels out of a plurality 50 of reconstruction level sets 52 (set 0, set 1) depending on
quantization indices 58 decoded from the data stream 14 for previous neural network

parameters.

In addition, the apparatus is configured to sequentially decode the neural network parameters
13 by decoding a quantization index 56 for the current neural network parameter 13’ from the
data stream 14, wherein the quantization index 56 indicates one reconstruction level out of the
selected set 48 of reconstruction levels for the current neural network parameter, and by
dequantizing 62 the current neural network parameter 13’ onto the one reconstruction level of
the selected set 48 of reconstruction levels that is indicated by the quantization index 56 for

the current neural network parameter.

The decoded neural network parameters 13 are, as an example, represented with a matrix
15a. The matrix may contain deserialized 20b (deserialization) neural network parameters 13,

which may relate to weights of neuron interconnections of the neural network.

Optionally, the number of reconstruction level sets 52, also called quantizers sometimes
herein, of the plurality 50 of reconstruction level sets 52 may be two, for example set 0 and set
1 as shown in Fig. 2.

Moreover, the apparatus may be configured to parametrize 60 (parametrization) the plurality
50 of reconstruction level sets 52 (e.q., set 0, set 1) by way of a predetermined quantization
step size (QP), for example denoted by A or Ak, and derive information on the predetermined
quantization step size from the data stream 14. Therefore, a decoder according to
embodiments may adapt to a variable step size (QP).

Furthermore, according to embodiments, the neural network may comprise one or more NN
layers and the apparatus may be configured to derive, for each NN layer, an information on a
predetermined quantization step size (QP) for the respective NN layer from the data stream
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14, and to parametrize, for each NN layer, the plurality 50 of reconstruction level sets 52 using
the predetermined quantization step size derived for the respective NN layer so as to be used
for dequantizing the neural network parameters belonging to the respective NN layer.
Adaptation of the step size and therefore of the reconstruction level sets 52 with respect to NN
layers may improve coding efficiency.

According to further embodiments, the apparatus may be configured to select 54, for the
current neural network parameter 13’, the set 48 of reconstruction levels out of the plurality 50
of reconstruction level sets 52 depending on a LSB (e.g. least significant bit) portion or
previously decoded bins (e.g. binary decision) of a binarization of the quantization indices 58
decoded from the data stream 14 for previously decoded neural network parameters. A LSB
comparison may be performed with low computational costs. In particular, a state transitioning
may be used. The selection 54 may be performed for the current neural network parameter
13" out of the set 48 of quantization levels out of the plurality 50 of reconstruction level sets 52
by means of a state transition process by determining, for the current neural network parameter
13, the set 48 of reconstruction levels out of the plurality 50 of reconstruction level sets 52
depending on a state associated with the current neural network parameter 13°, and by
updating the state for a subsequent neural network parameter depending on the quantization
iIndex 58 decoded from the data stream for the immediately preceding neural network
parameter. Alternative approaches, other than state transitioning by use of, for instance, a
transition table, may be used as well and are set out below.

Additionally, or alternatively, the apparatus may, for example, be configured to select 54, for
the current neural network parameter 13, the set 48 of reconstruction levels out of the plurality
50 of reconstruction level sets 52 depending on the results of a binary function of the
quantization indices 58 decoded from the data stream 14 for previously decoded neural
network parameters. The binary function may, for example, be a parity check, e.g. using a bit-
wise “and” operation, signaling whether the quantization indices 58 represent even or odd
numbers. This may provide an information about the set 48 of reconstruction levels used to
encode the quantization indices 58 and therefore, e.g. because of a predetermined order of
reconstruction levels sets used in a corresponding encoder, for the set of reconstruction levels
used to encode the current neural network parameter 13'. The parity may be used for the state

transition mentioned before.

Moreover, according to embodiments, the apparatus may, for example, be configured to select
54, for the current neural network parameter 13, the set 48 of reconstruction levels out of the
plurality 50 of reconstruction level sets 52 depending on a parity of the quantization indices 58
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decoded from the data stream 14 for previously decoded neural network parameters. The
parity check may be performed with low computational cost, e.g. using a bit-wise “and”

operation.

Optionally, the apparatus may be configured to decode the gquantization indices 56 for the
neural network parameters 13 and perform the dequantization of the neural network
parameters 13 along a common sequential order 14" among the neural network parameters
13. In other words, the same order may be used for both tasks.

Fig. 3 shows a schematic diagram of a concept for quantization performed within an apparatus
for encoding neural network parameters into a data stream according to an embodiment. Fig.
3 shows a neural network (NN) 10 comprising neural network layers 10a, 10b, wherein the
layers comprise neurons 10c and wherein the neurons of interconnected layers are
iInterconnected via neuron interconnections 11. As an example, NN layer (p-1) 10a and NN
layer (p) 10b are shown, wherein p Is an index for the NN layers, with 1 < p < number of layers
of the NN. The neural network is defined or parametrized by neural network parameters 13,
which may optionally relate to weights of neuron interconnections 11 of the neural network 10.
The neurons 10c of the hidden layer of Fig. 1 may represent the neurons of layer p (A, B, C,
..) of Fig. 3, the neurons of the input layer of Fig. 1 may represent the neurons of layer p-1 (a,
b, C, ..) shown in Fig. 3. The neural network parameters 13 may relate to weights of the neuron

interconnections 11 of Fig. 1.

Relationships of the neurons 10c¢ of different layers are represented in Fig. 1 by a matrix 15a
of neural network parameters 13. For example, in the case that the network parameters 13
relate to weights of neuron interconnections 11, the matrix 15a may, for example, be structured
such that matrix elements represent the weights between neurons 10c of different layers (e.g.,

a, b, ... for layer p-1 and A, B, ... for layer p).

The apparatus is configured to sequentially encode, for example in serial 20a (serialization),
the neural network parameters 13. During this sequential processing, the quantizer
(reconstruction level set) is varied. This variation enables to use quantizers with fewer (or
better less dense) levels and, thus, enable smaller quantization indices to be coded, wherein
the quality of the neural network representation resulting from this quantization compared to
the needed coding bitrate is improved compared to using a constant quantizer. Detalls are set
out later on. In particular, the apparatus sequentially enocde the neural network parameters
13 by selecting 54, for a current neural network parameter 13’, a set 48 of reconstruction levels
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out of a plurality 50 of reconstruction level sets 52 depending on gquantization indices 58
encoded into the data stream 14 for previously encoded neural network parameters.

In addition, the apparatus is configured to sequentially encode the neural network parameters
13 by quantizing 64 (Q) the current neural network parameter 13’ onto the one reconstruction
level of the selected set 48 of reconstruction levels, and by encoding a quantization index 56
for the current neural network parameter 13’ that indicates the one reconstruction level onto
which the quantization index 56 for the current neural network parameter is quantized into the
data stream 14. Optionally, the number of reconstruction level sets 52, also called quantizers
sometimes herein, of the plurality 50 of reconstruction level sets 52 may be two, e.g. as shown

using a set 0 and a set 1.

According to embodiments, as shown in Fig. 3, the apparatus may, for example, be configured
to parametrize 60 the plurality 50 of reconstruction level sets 52 by way of a predetermined
quantization step size (QP) and insert information on the predetermined quantization step size
into the data stream 14. This may enable an adaptive quantization, for example to improve
quantization efficiency, wherein a change in the way neural network parameter 13 are encoded

may be communicated to a decoder with the information on the predetermined gquantization

step size. By using a predetermined quantization step size (QP) the amount of data for the

transmission of the information may be reduced.

Furthermore, according to embodiments, the neural network 10 may comprise one or more
NN layers 10a, 10b and the apparatus may be configured to insert, for each NN layer (p; p-1),
information on a predetermined quantization step size (QP) for the respective NN layer into
the data stream 14, and to parametrize, for each NN layer, the plurality 50 of reconstruction
level sets 52 using the predetermined quantization step size derived for the respective NN
layer so as to be used for quantizing the neural network parameters belonging to the respective
NN layer. As explained before, an adaptation of the quantization, e.g. according to NN layers

or characteristics of NN layers, may improve quantization efficiency.

Optionally, the apparatus may be configured to select 54, for the current neural network
parameter 13, the set 48 of reconstruction levels out of the plurality 50 of reconstruction level
sets 52 depending on a LSB portion or previously encoded bins of a binarization of the
guantization indices 58 encoded into the data stream 14 for previously encoded neural network

parameters. A LSB comparison may be performed with low computational costs.
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Analogously, to the apparatus for decoding explained in Fig. 2, a state transitioning may be
used. The selection 54 may be performed for the current neural network parameter 13" out of
the set 48 of quantization levels out of the plurality 50 of reconstruction level sets 52 by means
of a state transition process by determining, for the current neural network parameter 13’, the
set 48 of reconstruction levels out of the plurality 50 of reconstruction level sets 52 depending
on a state associated with the current neural network parameter 13, and by updating the state
for a subsequent neural network parameter depending on the quantization index 58 encoded
into the data stream for the immediately preceding neural network parameter Alternative
approaches, other than state transitioning by use of, for instance, a transition table, may be
used as well and are set out below.

Additionally, or alternatively, the apparatus may be configured to select 54, for the current
neural network parameter 13’, the set 48 of reconstruction levels out of the plurality 50 of
reconstruction level sets 52 depending on the results of a binary function of the quantization
iIndices 58 encoded into the data stream 14 for previously encoded neural network parameters.
The binary function may, for example, be a parity check, e.g. using a bit-wise “and” operation,
signaling whether the gquantization indices 58 represent even or odd numbers. This may
provide an information about the set 48 of reconstruction levels used to encode the
quantization indices 58 and may therefore determine, e.g. because of a predetermined order
of reconstruction levels, the set 48 of reconstruction levels for the current neural network
parameter 13’, for example such that a corresponding decoder may be able to select the
corresponding set 48 of reconstruction levels because of the predetermined order. The parity
may be used for the state transition mentioned before.

Furthermore, according to embodiments, the apparatus may, for example, be configured to
select 54, for the current neural network parameter 13’, the set 48 of quantization levels out of
the plurality 50 of reconstruction level sets 52 depending on a parity of the quantization indices
56 encoded into the data stream 14 for previously encoded neural network parameters. The
parity check may be performed with low computational cost, e.g. using a bit-wise “and”
operation.

Optionally, the apparatus may be configured to encode the quantization indices (56) for the
neural network parameters (13) and perform the quantization of the neural network parameters
(13) along a common sequential order (14') among the neural network parameters (13). In

other words, the same order may be used for both tasks.
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Fig. 4 shows a schematic diagram of a concept for arithmetic decoding the quantized neural
networks parameters according to an embodiment. It may be used within an apparatus of Fig
2. Fig. 4 may thus be seen as a possible extension of Fig. 2. It shows the data stream 14 from
which a quantization index 56 for the current neural network parameter 13’ is decoded by the
apparatus of Fig. 4 using arithmetic coding, e.g. as shown as an optional example by use of
binary arithmetic coding. A probability model, e.g. defined by a certain context, is used which
depends on, as indicted by arrow 123, the set 48 of reconstruction levels selected for the

current neural network parameter 13'. Detalls are set hereinbelow.

As explained with respect to Fig. 2, a selection 54 is performed for the current neural network
parameter 13’, which selects the set 48 of quantization levels out of the plurality 50 of
reconstruction level sets 52 by means of a state transition process by determining, for the
current neural network parameter 13’, the set 48 of reconstruction levels out of the plurality 50
of reconstruction level sets 52 depending on a state associated with the current neural network
parameter 13’, and by updating the state for a subsequent neural network parameter
depending on the gquantization index 58 decoded from the data stream for the immediately
preceding neural network parameter. The state, thus, Is quasi a pointer to the set 48 of
reconstruction levels to be used for encoding/decoding the current neural network parameter
13’, which i1s, however, updated at a granularity finer as only distinguishing the number states
corresponding to the number of reconstruction sets so that the state, quasi, acts as a memory
of past neural network parameters or past quantization indices. Thus, the state defines the
order of sets of reconstruction levels used to encode/decode the neural network parameters
13. According to Fig. 4, for example, the quantization index (56) for the current neural network
parameter (13) i1s decoded from the data stream (14) using arithmetic coding using a
probability model which depends on (122) the state for the current neural network parameter
(13"). Adapting the probability model depending on the state may improve coding efficiency as
the probability model estimation may be better. In addition, adaption based on the state may

enable a computationally efficient adaption with low amounts of additional data transmitted.

According to further embodiments, the apparatus may, for example be configured to decode
the quantization index 56 for the current neural network parameter 13’ from the data stream
14 using binary arithmetic coding by using the probability model which depends on 122 the
state for the current neural network parameter 13’ for at least one bin 84 of a binarization 82

of the quantization index 56.

Additionally, or alternatively, the apparatus may be configured so that the dependency of the
probability model involves a selection 103 (derivation) of a context 87 out of a set of contexts
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for the neural network parameters using the dependency, each context having a
predetermined probability model associated therewith. The better the probability estimate
used, the more efficient the compression. The probability models may be updated, e.g. using
context adaptive (binary) arithmetic coding.

Optionally, the apparatus may be configured to update the predetermined probability model
associated with each of the contexts based on the quantization index arithmetically coded
using the respective context. Thus, the contexts' probability models are adapted to the actual
statistics.

Moreover, the apparatus may, for example, be configured to decode the quantization index 56
for the current neural network parameter 13’ from the data stream 14 using binary arithmetic
coding by using a probability model which depends on the set 48 of reconstruction levels
selected for the current neural network parameter 13’ for at least one bin of a binarization of

the quantization index.

Optionally, the at least one bin may comprise a significance bin indicative of the quantization
iIndex 56 of the current neural network parameter being equal to zero or not. Additionally, or
alternatively, the at least one bin may comprise a sign bin indicative of the quantization index
56 of the current neural network parameter being greater than zero or lower than zero.
Furthermore, the at least one bin may comprise a greater-than-X bin indicative of an absolute
value of the quantization index 56 of the current neural network parameter being greater than

X or not, wherein X Is an integer greater than zero.

The following, Fig. 5 may describe the counterpart of the concepts for decoding explained with
Fig. 4. Therefore, all explanations and advantages may be applicable accordingly, to the
aspects of the following concepts for encoding.

Fig. 5 shows a schematic diagram of a concept for arithmetic encoding neural networks
parameters according to an embodiment. It may be used within an apparatus of Fig. 3. Fig. 5
may thus be seen as a possible extension of Fig. 3. It shows the data stream 14 to which a
quantization index 56 for the current neural network parameter 13’ is encoded by the apparatus
of Fig. 3 using arithmetic coding, e.g. as shown as an optional example as by use of binary
arithmetic coding. A probability model, e.g. defined by a certain context, is used which depends
on, as indicted by arrow 123, the set 48 of reconstruction levels selected for the current neural
network parameter 13'. Details are set hereinbelow.
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As explained with respect to Fig. 3, a selection 54 is performed, for the current neural network
parameter 13°, which selects the set 48 of quantization levels out of the plurality 50 of
reconstruction level sets 52 by means of a state transition process by determining, for the
current neural network parameter 13, the set 48 of quantization levels out of the plurality 50
of reconstruction level sets 52 depending on a state associated with the current neural network
parameter 13" and by updating the state for a subsequent neural network parameter depending
on the quantization index 58 encoded into the data stream for the immediately preceding

neural network parameter.

The state, thus, Is quasi a pointer to the set 48 of reconstruction levels to be used for
encoding/decoding the current neural network parameter 13, which is, however, updated at a
granularity finer as only distinguishing the number states corresponding to the number of
reconstruction sets so that the state, quasi, acts as a memory of past neural network
parameters or past quantization indices. Thus, the state defines the order of sets of
reconstruction levels used to encode/decode the neural network parameters 13.

In addition, the quantization index 56 for the current neural network parameter 13" may be
encoded into the data stream 14 using arithmetic coding using a probability model which
depends on 122 the state for the current neural network parameter 13'.

According to Fig. 3for example the quantization index 56 is encoded for the current neural
network parameter 13’ into the data stream 14 using binary arithmetic coding by using the
probability model which depends on 122 the state for the current neural network parameter 13’
for at least one bin 84 of a binarization 82 of the quantization index 56. Adapting the probability
model depending on the state may improve coding efficiency as the probability model may be
probability model estimation may be better. In addition, adaption based on the state may
enable a computationally efficient adaption with low amounts of additional data transmitted.

Additionally, or alternatively, the apparatus may be configured so that the dependency of the
probability model involves a selection 103 (derivation) of a context 87 out of a set of contexts
for the neural network parameters using the dependency, each context having a
predetermined probability model associated therewith.

Optionally, the apparatus may be configured to update the predetermined probability model
associated with each of the contexts based on the gquantization index arithmetically coded
using the respective context.
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Moreover, the apparatus may, for example, be configured to encode the quantization index 56
for the current neural network parameter 13’ into the data stream 14 using binary arithmetic
coding by using a probability model which depends on the set 48 of reconstruction levels
selected for the current neural network parameter 13’ for at least one bin of a binarization of
the quantization index. For using binary arithmetic coding quantization indexes 56 may be

binarized (binarization).

Optionally, the at least one bin may comprise a significance bin indicative of the quantization
iIndex 56 of the current neural network parameter being equal to zero or not. Additionally, or
alternatively, the at least one bin may comprise a sign bin indicative of the quantization index
56 of the current neural network parameter being greater than zero or lower than zero.
Furthermore, the at least one bin may comprise a greater-than-X bin indicative of an absolute
value of the quantization index 56 of the current neural network parameter being greater than
X or not, wherein X I1s an integer greater than zero.

The embodiments described next, concentrate on another aspect of the present application
according to which the parametrization of a neural network is coded in stages or reconstruction
layers so that, per NN parameter, one value from each stage need to be combined to yield an
improved/enhanced representation of the neural network, enhanced to either one of the
contributing stages among which at least one might itself represent a reasonable
representation of the neural network, but at lower quality, although the latter possibility is not
mandatory for the present aspect.

Fig. 6 shows a schematic diagram of a concept using reconstruction layers for neural network
parameters for usage with embodiments according to the invention. Fig. 6 shows a
reconstruction layer I, for example a second reconstruction layer, a reconstruction layer i-1, for
example a first reconstruction layer and a neural network (NN) layer p, for example layer 10b
from Fig. 3, represented in a layer e.g. in the form of an array or a matrix, such as matrix 15a
from Fig. 3.

Fig. 6 shows the concept of an apparatus 310 for reconstructing neural network parameters
13, which define a neural network. Therefore, the apparatus is configured to derive first neural
network parameters 13a, which may have been transmitted previously during, for instance, a
federated learning process and which may, for example, be called first-reconstruction-layer
neural network parameters, for a first reconstruction layer, e.g. reconstruction layer i-1, to yield,
per neural network parameter, e.g. per weight or per inter-neuron connection, a first-

reconstruction-layer neural network parameter value. This derivation might involve decoding
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or receiving the first neural network parameters 13a otherwise. Furthermore, the apparatus is
configured to decode 312 second neural network parameters 13b, which may, for example, be
called second- reconstruction-layer neural network parameters to distinguish them from the for
example final neural network parameters, e.g. parameters 13, for a second reconstruction
layer from a data stream 14 to vyield, per neural network parameter 13, a second-
reconstruction-layer neural network parameter value. Two contributing values, of first and
second reconstruction layers, may, thus, be obtained per NN parameter, and the
coding/decoding of the first and/or the second NN parameter values may use dependent
quantization according to Fug. 2 and Fig. 3 and/or arithmetic coding/decoding of the
quantization indices as explained in Fig. 4 and 5. The second neural network parameters 13b
might have no self-contained meaning in terms of neural representation, but might merely lead
to a neural network representation, namely the final neural network parameters, when

combined with the parameter of the first representation layer.

In addition, the apparatus is configured to reconstruct 314 the neural network parameters 13
by, for each neural network parameter, combining (CB), e.g. using element-wise addition
and/or multiplication, the first-reconstruction-layer neural network parameter value and the

second-reconstruction-layer neural network parameter value.

Additionally, Fig. 6 shows a concept for an apparatus 320 for encoding neural network
parameters 13, which define a neural network, by using first neural network parameters 13a
for a first reconstruction layer, e.g. reconstruction layer i-1, which comprise, per neural network
parameter 13, a first- reconstruction-layer neural network parameter value. Therefore, the
apparatus is configured to encode 322 second neural network parameters 13b for a second
reconstruction layer, e.g. reconstruction layer I, into a data stream, which comprise, per neural
network parameter 13, a second-reconstruction-layer neural network parameter value,
wherein the neural network parameters 13 are reconstructible by, for each neural network
parameter, combining (CB), e.g. using element-wise addition and/or multiplication, the first-
reconstruction-layer neural network parameter value and the second-reconstruction-layer

neural network parameter value.

Optionally, apparatus 310 may be configured to decode 316 the first neural network
parameters for the first reconstruction layer from the data stream 14 or from a separate data

stream

In simple words, the decomposition of neural network parameters 13 may enable a more

efficient encoding and/or decoding and transmission of the parameters.
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In the following, further embodiments, comprising, inter alia, Neural Network Coding Concepts
are disclosed. The following description provides further details which may be combined with
the embodiments described above, individually and in combination.

Firstly, a method for Entropy Coding of Parameters of Neural Networks with Dependent Scalar

Quantization according to embodiments of the invention will be presented.

A method for parameter coding of a set of neural network parameters 13 (also referred to as
weights, weight parameters or parameters) using dependent scalar quantization is described.
The parameter coding presented herein consists of a dependent scalar quantization (e.g., as
described in the context of Fig. 3) of the parameters 13 and an entropy coding of the obtained
quantization indexes 56 (e.g., as described in the context of Fig. 5). At the decode side, the
set of reconstructed neural network parameters 13 is obtained by entropy decoding of the
guantization indexes 56 (e.g., as described in the context of Fig. 4), and a dependent
reconstruction of neural network parameters 13 (e.g., as described in the context of Fig. 2). In
contrast to parameter coding with independent and scalar quantization and entropy coding,
the set of admissible reconstruction levels for a neural network parameter 13 depends on the
transmitted quantization indexes 56 that precede the current neural network parameter 13" In
reconstruction order. The presentation set forth below additionally describes methods for
entropy coding of the quantization indexes that specify the reconstruction levels used iIn

dependent scalar quantization.

The description is mainly targeted on a lossy coding of layers of neural network parameters in

neural network compression, but in can also be applied to other areas of lossy coding.

The methodology of the apparatus may be divided into different main parts, which consist of

the following:

1. Quantization
2. Lossless Encoding
3. Lossless Decoding

In order to understand the main advantages of the embodiments set out below, we will firstly
give a brief introduction on the topic of neural networks and on related methods for parameter
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coding. Nevertheless, all aspects, features and concepts disclosed may be used separately or

IN combination with embodiments described herein.

2 Related Methods for Quantization and Entropy Coding

Working draft 2 of the MPEG-7 part 17 standard for compression of neural networks for
multimedia content description and analysis [2] applies iIndependent scalar quantization and
entropy coding for neural network parameter coding.

2.1 Scalar Quantizers

The neural network parameters are quantized using scalar quantizers. As a result of the
guantization, the set of admissible values for the parameters 13 is reduced. In other words,
the neural network parameters are mapped to a countable set (in practice, a finite set) of so-
called reconstruction levels. The set of reconstruction levels represents a proper subset of the
set of possible neural network parameter values. For simplifying the following entropy coding,
the admissible reconstruction levels are represented by quantization indexes 56, which are
transmitted as part of the bitstream 14. At the decoder side, the quantization indexes 56 are
mapped to reconstructed neural network parameters 13. The possible values for the
reconstructed neural network parameters 13 correspond to the set 52 of reconstruction levels.
At the encoder side, the result of scalar quantization is a set of (integer) quantization indexes
56.

In this application uniform reconstruction quantizers (URQs) are used. Their basic design is
llustrated in Fig. 7. Fig. 7 shows an lllustration of a uniform reconstruction quantizer. URQs
have the property that the reconstruction levels are equally spaced. The distance A (QP)
between two neighboring reconstruction levels is referred to as quantization step size. One of
the reconstruction levels is equal to 0. Hence, the complete set of available reconstruction
levels, e.g. s, | ENy, Is uniquely specified by the quantization step size A (QP). The decoder
mapping of quantization indexes g 56 to reconstructed weight parameters t’ 13’ is, in principle,
given by the simple formula

t' =q - A.

In this context, the term “independent scalar quantization” refers to the property that, given the

quantization index g 56 for any weight parameter 13, the associated reconstructed weight



10

15

20

25

30

35

WO 2021/123438 22 PCT/EP2020/087489

parameter t’ 13" can be determined independently of all quantization indexes for the other
welght parameters.

2.1.1 Encoder Operation: Quantization

Standards for compression of neural networks only specify the bitstream syntax and the
reconstruction process. If we consider parameter coding for a given set of original neural
network parameters 13 and given quantization step sizes (QP), the encoder has a lot a
freedom. Given the quantization indexes g, 56 for a layer 10a, 10b, the entropy coding has to
follow a uniquely defined algorithm for writing the data to the bitstream 14 (i.e., constructing
the arithmetic codeword). But the encoder algorithm for obtaining the quantization indexes gy
56 given an original set (e.g. a layer) of weight parameters is out of the scope of neural network
compression standards. For the following description, we assume the quantization step size
(QP) for each neural network parameter 13 is known. Still, the encoder has the freedom to
select a quantizer index g, 56 for each neural network (weight) parameter ¢, 13. Since the
selection of  quantization Indexes  determines  both  the  distortion (or
reconstruction/approximation quality) and the bit rate, the quantization algorithm used has a
substantial impact on the rate-distortion performance of the produced bitstream 14.

The simplest quantization method rounds the neural network parameters ¢, 13 to the nearest
reconstruction levels (also referred to as nearest neighbor quantization). For the typically used

URQs, the corresponding quantization index g, 56 can be determined according to

[ty 1

gk = sgn(ty) - A_k T E"

where sgn() is the sign function and the operator |-] returns the largest integer that is smaller

or equal to its argument. This quantization method guarantees that the MSE distortion

D :ZDI{:Z(tk_qk°Ak)2
k

K

IS minimized, but it completely ignores the bit rate that is required for transmitting the resulting
parameter levels (weight levels) g, 56. Note that, the method is not restricted to the MSE

distortion measure, also any other distortion measure e.g. the MAE distortion according to

DMAS = ZDIIEME = Z‘tk — gy - Ak
k k

can be used. Typically, better results are obtained if the rounding is biased towards zero:
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|tk ] | 1
g, = sgn(ty) - |—+a with 0<a<-.
Ay 2

Better results in rate-distortion sense can be obtained if the quantization process minimizes a
Lagrangian function D + A - R, where D represent the distortion (e.g., MSE distortion or MAE
distortion) of the set of neural network parameters, R specifies the number of bits that are

required for transmitting the quantization indexes 56, and A is a Lagrange multiplier.

Given the quantization step size the following relationship between the Lagrange multiplier A
and the quantization step size is often used
/1 — Cl y AZ,

where ¢, represents a constant factor for a set of neural network parameters.

Quantization algorithms that aim to minimize a Lagrange function D + A - R of distortion and
rate are also referred to as rate-distortion optimized quantization (RDOQ). If we measure the
distortion using the MSE or a weighted MSE (or MAE respectively), the quantization indexes
g, 06 for a set (e.qg. a layer) of weight parameters should be determined in a way so that the

following cost measure is minimized:

D+A-R= Z ap - (e — A - qr)* + A - R(Qr |1, Qr—2, " )-
K

At this, the neural network parameter index k specifies the coding order (or scanning order) of
neural network parameters 13. The term R(gy|gx_1,gr—>, ) represents the number of bits (or
an estimate thereof) that are required for transmitting the quantization index g, 56. The
condition illustrates that (due to the usage of combined or conditional probabilities) the number
of bits for a particular quantization index g, typically depends on the chosen values for
preceding quantization indexes g._1,gx—», €tc. in coding order, e.g. in the common sequential
order 14'. The factors «, Iin the equation above can be used for weighting the contribution of
the individual neural network parameters 13. In the following, we generally assume that all
weightings factor «a, are equal to 1 (but the algorithm can be straightforwardly modified in a
way that different weighting factors can be taken into account).

In fact, nearest neighbor quantization is a trivial case with A = 0, which is applied in working
draft 2 of the MPEG-7 part 17 standard for compression of neural networks for multimedia

content description and analysis.
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2.2 Entropy Coding

As a result of the uniform quantization, applied in the previous step, the weight parameters are
mapped to a finite set of so-called reconstruction levels. Those can be represented by an
(integer) quantizer index 56 ( also referred to as parameter level or weight level) and the
quantization step size (QP), which may, for example, be fixed for a whole layer. In order to
restore all quantized weight parameters of a layer, the step size (QP) and dimensions of the

layer may be known by the decoder. They may, for example, be transmitted separately.

2.2.1 Encoding of qguantization indexes with context-adaptive binary arithmetic coding
(CABAC)

The quantization indexes 56 (integer representation) are then transmitted using entropy coding
techniques. Therefore, a layer of weights is mapped onto a sequence of quantized weight
levels using a scan. For example, a row first scan order can be used, starting with the upper-
most row of the matrix, encoding the contained values from left to right. In this way, all rows
are encoded from the top to the bottom. The scan may be performed as shown in Fig. 3 for
the matrix 15a, e.g. along a common sequential order 14, comprising the neural network
parameters 13, which may relate to the weights of neuron interconnections 11. The matrix may
represent the layer of weights, for example weights between layer p-1 10a and layer p 10b or
the hidden layer and the input layer of neuron interconnections 11 as shown in Figures 3 and
1 respectively. Note that any other scan can be applied. For example, the matrix (e.g., matrix
15a of Fig. 2 or 3) can be transposed, or flipped horizontally and/or vertically and/or rotated by
90/180/270 degree to the left or right, before applying the row-first scan

Apparatuses according to embodiments, as explained with respect to Figures 3 and 5, may be
configured to encode the quantization index 56 for the current neural network parameter 13’
iInto the data stream 14 using binary arithmetic coding by using the probability model which
depends on 122 the state for the current neural network parameter 13’ for at least one bin 84
of a binarization 82 of the gquantization index 56. The binary arithmetic coding by using the
probability model may be CABAC (Context-Adaptive Binary Arithmetic Coding).

In order words, according to embodiments, for coding of the levels CABAC is used. Refer to
[3] for details. So, a quantized weight level g 56 is decomposed in a series of binary symbols
or syntax elements, for example bins (binary decisions), which then may be handed to the
binary arithmetic coder (CABAC).

In the first step, a binary syntax element sig_flag is derived for the quantized weight level,
which specifies whether the corresponding level is equal to zero. In other words, the at least
one bin of the binarization 82 of the quantization index 56 shown in Fig. 4 may comprise a
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significance bin indicative of the quantization index 56 of the current neural network parameter
being equal to zero or not.

If the sig_flag is equal to one a further binary syntax element sign_flag is derived. The bin
indicates if the current weight level is positive (e.g., bin = 0) or negative (e.g., bin = 1). In other
words, the at least one bin of the binarization 82 of the quantization index 56 shown in Fig. 4
may comprise a sign bin 86 indicative of the quantization index 56 of the current neural network

parameter being greater than zero or lower than zero.

Next, a unary sequence of bins is encoded, followed by a fixed length sequence as follows:

A variable Kk Is Initialized with a non-negative integer and X is initialized with 1 << k.

One or more syntax elements abs level greater X are encoded, which indicate, that the
absolute value of the quantized weight level is greater than X. If abs_level greater X is equal
to 1, the variable k is updated (for example, increased by 1), then 1<<k is added to X and a
further abs level greater X is encoded. This procedure is continued until an
abs level greater X is equal to 0. Afterwards, a fixed length code of length k suffices to
complete the encoding of the quantizer index. For example, a variable rem = X — |g| could be
encoded using k bits. Or alternatively, a variable rem’ could be defined as rem’ = (1 K k) —
rem — 1 which is encoded using K bits. Any other mapping of the variable rem to a fixed length

code of k bits may alternatively be used.

In other words, the at least one bin of the binarization 82 of the quantization index 56 shown
In Fig. 4 may comprise a greater-than-X bin indicative of an absolute value of the quantization
iIndex 56 of the current neural network parameter being greater than X or not, wherein X is an
Integer greater than zero.

When increasing k by 1 after each abs_level greater X, this approach is identical to applying
exponential Golomb coding (if the sign_flag is not regarded).

Additionally, if the maximum absolute value abs max is known at the encoder and decoder
side, encoding of abs level greater X syntax elements may be terminated, when for the next
abs Level greater X to be transmitted, X >= abs max holds.

2.2.2 Decoding of quantization indexes with context-adaptive binary arithmetic coding
(CABAC)
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Decoding of the quantized weight levels 56 (integer representation) works analogously to the
encoding. The decoder first decodes the sig flag. If it is equal to one, a sign_flag and a unary
sequence of abs level greater X follows, where the updates of k, (and thus increments of X)
must follow the same rule as in the encoder. Finally, the fixed length code of k bits is decoded
and interpreted as integer number (e.g. as rem or rem’, depending on which of both was
encoded). The absolute value of the decoded quantized weight level |g| may then be
reconstructed from from X, and form the fixed length part. For example, if rem was used as
fixed-length part, |g| = X — rem. Or alternatively, if rem’ was encoded, |g| =X+ 14+ rem’ —
(1 < k) . As a last step, the sign needs to be applied to |g| In dependence on the decoded
sign_flag, yielding the quantized weight level g 56. Finally, the quantized weight w Is
reconstructed by multiplying the quantized weight level g with the step size A (QP).

In other words, apparatuses according to embodiments, as explained with respect to Figures
2 and 4, may be configured to decode the quantization index 56 for the current neural network
parameter 13’ from the data stream 14 using binary arithmetic coding by using the probability
model which depends on 122 the state for the current neural network parameter 13’ for at least
one bin 84 of a binarization 82 of the quantization index 56.

The at least one bin of the binarization 82 of the quantization index 56 shown in Fig. 5 may
comprise a significance bin indicative of the quantization index 56 of the current neural network
parameter being equal to zero or not. Additionally or alternatively, the at least one bin may
comprise a sign bin 86 indicative of the quantization index 56 of the current neural network
parameter being greater than zero or lower than zero. Furthermore, the at least one bin may
comprise a greater-than-X bin indicative of an absolute value of the quantization index 56 of
the current neural network parameter being greater than X or not, wherein X Is an integer

greater than zero.

In a preferred embodiment, k is initialized with 0 and updated as follows. After each
abs level greater X equal to 1, the required update of k is done according to the following
rule: If X > X', K is incremented by 1 where X' is a constant depending on the application. For
example X' 1s a number (e.g. between 0 and 100) that i1s derived by the encoder and signaled
to the decoder.

2.2.3 Context Modelling

In the CABAC entropy coding, most syntax elements for the quantized weight levels 56 are
coded using a binary probability modelling. Each binary decision (bin) i1s associated with a
context. A context represents a probability model for a class of coded bins. The probability for
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one of the two possible bin values is estimated for each context based on the values of the
bins that have been already coded with the corresponding context. Different context modelling
approaches may be applied, depending on the application. Usually, for several bins related to
the quantized weight coding, the context, that is used for coding, is selected based on already
transmitted syntax elements. Different probability estimators may be chosen, for example
SBMP 0, or those of HEVC 0 or VIM-4.0 0, depending on the actual application. The choice

affects, for example, the compression efficiency and complexity.

In other words, probability models as explained with respect to Fig. 5, e.g. contexts 87/,
additionally depend on the quantization index of previously encoded neural network

parameters.

Respectively, probability models as explained with respect to Fig. 4, e.g. contexts 87,
additionally depend on the quantization index of previously decoded neural network

parameters.

A context modeling scheme that fits a wide range of neural networks is described as follows.
For decoding a quantized weight level g 56 at a particular position (x,y) in the weight matrix
(layer), a local template is applied to the current position. This template contains a number of
other (ordered) positions like e.g. (x-1, y), (x, y-1), (x-1, y-1), etc. For each position, a status

identifier is derived.

In a preferred embodiment (denoted Sil), a status identifier s, ,, for a position (x,y) is derived
as follows: If position (x,y) points outside of the matrix, or if the quantized weight level g, ,, at
position (x,y) is not yet decoded or equals zero, the status identifier s, ,, = 0. Otherwise, the

status identifier shall be s,,, = q,, <071 : 2.

For a particular template, a sequence of status identifiers is derived, and each possible
constellation of the values of the status identifiers is mapped to a context index, identifying a
context to be used. The template, and the mapping may be different for different syntax
elements. For example, from a template containing the (ordered) positions (x-1, y), (X, y-1), (X-

1, y-1) an ordered sequence of status identifiers s,_; ,,, sy ,_1, Sx—1y—1 IS derived. For example,
this sequence may be mapped to a context index € =s,_1, +3 %5, 1 +9%*5,_4,_4. FoOr

example, the context index € may be used to identify a number of contexts for the sig_flag.

In a preferred embodiment (denoted approach 1), the local template for the sig_flag or for the

sign_flag of the quantized weight level g, ,, at position (x,y) consists of only one position (x-1,
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y) (i.e., the left neighbor). The associated status identifier s,_;, Is derived according to

preferred embodiment Sit.

For the sig_flag, one out of three contexts is selected depending on the value of s,_, ,, or for

the sign_flag, one out of three other contexts is selected depending on the value of s,_, ..

In another preferred embodiment (denoted approach 2), the local template for the sig flag
contains the three ordered positions (x-1, y), (x-2, y), (Xx-3, y). The associated sequence of

status identifiers s,_; ,, Sx—2y,5x—3, IS derived according to preferred embodiment Si2.

For the sig_flag, the context index C is derived as follows:

It sy_14 # 0, then € = 0. Otherwise, if s,_, , # 0, then € = 1. Otherwise, if s,_3, # 0, then € =
2. Otherwise, C = 3.

This may also be expressed by the following equation:

C = (Sy_1, #0)20: ((sx_z,y #0) 71 3 ((Sy_3y #0) 72: 3))

In the same manner, the number of neighbors to the left may be increased or decreased so
that the context index C equals the distance to the next nonzero weight to the left (not
exceeding the template size).

Each abs level greater X flag may, for example, apply an own set of two contexts. One out

of the two contexts is then chosen depending on the value of the sign_flag.

In a preferred embodiment, for abs level greater X flags with X smaller than a predefined
number X', different contexts are distinguished depending on X and/or on the value of the
sign_flag.

In a preferred embodiment, for abs level greater X flags with X greater or equal to a
predefined number X', different contexts are distinguished only depending on X.

In another preferred embodiment, abs level greater X flags with X greater or equal to a
predefined number X' are encoded using a fixed code length of 1 (e.g. using the bypass mode

of an arithmetic coder).
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