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ABSTRACT

For on-device automatic speech recognition (ASR), quan-
tization aware training (QAT) is ubiquitous to achieve the
trade-off between model predictive performance and effi-
ciency. Among existing QAT methods, one major draw-
back is that the quantization centroids have to be predeter-
mined and fixed. To overcome this limitation, we intro-
duce a regularization-free, “soft-to-hard” compression mech-
anism with self-adjustable centroids in a u-Law constrained
space, resulting in a simpler yet more versatile quantiza-
tion scheme, called General Quantizer (GQ). We apply GQ
to ASR tasks using Recurrent Neural Network Transducer
(RNN-T) and Conformer architectures on both LibriSpeech
and de-identified far-field datasets. Without accuracy degra-
dation, GQ can compress both RNN-T and Conformer into
sub-8-bit, and for some RNN-T layers, to 1-bit for fast and
accurate inference. We observe a 30.73% memory footprint
saving and 31.75% user-perceived latency reduction com-
pared to 8-bit QAT via physical device benchmarking.

Index Terms— On-device speech recognition, quantiza-
tion aware training, RNN-T, conformer, model efficiency

1. INTRODUCTION

Improving the efficiency of neural automatic speech recogni-
tion (ASR) models via quantization is critical for on-device
deployment scenarios. For neural network accelerator (NNA)
embedded devices, where memory and bandwidth are at a
premium, quantization can reduce the footprint and lower the
bandwidth consumption of ASR execution, which will not
only afford a faster model inference but also facilitate model
deployment to various portable devices where a stable net-
work connection is limited.

Existing quantization methods can be post-training quan-
tization (PTQ) or in-training / quantization aware training
(QAT). PTQ is applied after the model training is complete
by compressing models into 8-bit representations and is rela-
tively well supported by various libraries [[1} 2,3} 14}[5,16], such
as TensorFlow Lite [7] and AIMET [8] for on-device deploy-
ment. However, almost no existing PTQ supports customized
quantization configurations to compress machine learning
(ML) layers and kernels into sub-8-bit (S8B) regimes [9].

Moreover, the performance drop is inevitable as the model
is unaware of the loss of precision when being quantized at
test time. In contrast, QAT performs bit-depth reduction of
model weights (for example, from 32-bit floating point to
8-bit integer) during training which usually yields superior
performance over PTQ [10][11]. The QAT mechanism can
be in the forward pass (FP-QAT) or the backward pass (BP-
QAT), with the difference being whether regularization is
used in the loss function. FP-QAT [9] quantizes the model
weights during forward propagation to pre-defined quanti-
zation centroids. BP-QAT [12, 13| [14] relies on customized
regularizers to gradually force weights to those quantization
centroids (i.e., “soft quantization” via gradient) during train-
ing before hard compression performs in the late training
phase. As model weights are informed by the customized
regularizers to move closer to where they are quantized at
runtime per training step, the predictive performance is often
well preserved. Therefore, the focus of this work is on QAT.

Under both FP- and BP-QAT, it is essential that the quan-
tization centroids are defined and specified before model
training. As such, the demerit is the low feasibility when
quantizing models in S8B mode because one needs to select
the proper quantization centroids and their configurations for
each kernel in each layer to ensure minimal runtime perfor-
mance degradation. Consequently, applying existing QAT
methods to Conformer [15]] becomes quite challenging, as it
usually contains more than hundreds of kernels.

In this work, we propose General Quantizer (GQ), a
regularization-free, model-agnostic quantization scheme with
a mixed flavor of both FP- and BP-QAT. GQ is “general” in
that it does not augment the objective function by introducing
any regularizer as in BP-QAT but determines the appropri-
ate quantization centroids during model training for a given
bit depth, and it can be simply applied in a plug-and-play
manner to an arbitrary ASR model. Unlike FP-QAT, GQ
features a soft-to-hard quantization during training, allow-
ing model weights to hop around adjacent partitions more
easily. Under GQ, quantization centroids are self-adjustable
but in a p-Law constrained space. As a proof-of-concept,
we adopt the ASR task and conduct experiments on both the
LibriSpeech and de-identified far-field datasets to evaluate
GQ on three major end-to-end ASR architectures, namely
conventional Recurrent Neural Network Transducer (RNN-



T) [16]], Bifocal RNN-T [17], and Conformer [18][19]]. Our
results show that in all three architectures, GQ yields little to
no accuracy loss when compressing models to S8B or even
sub-5-bit (5-bit or lower). We also present performance op-
timization strategies from ablation studies on bit-allocation
and quantization frequency. Our contributions are as follows:

* We propose GQ, inspired by both FP- and BP-QAT ap-
proaches. GQ enables on-centroid weight aggregation
without augmented regularizers. Instead, it leverages
Softmax annealing to impose soft-to-hard quantization
on centroids from the p-Law constrained space.

* GQ supports different quantization modes for a wide
range of granularity: different bit depths can be speci-
fied for different kernels/layers/modules.

* With GQ, we losslessly compress a lightweight stream-
ing Conformer into sub-5-bit with more than 6x
model size reduction. To our best knowledge, this
is among the first sub-5-bit Conformer models for on-
device ASR. Without accuracy degradation, our GQ-
compressed 5-bit Bifocal RNN-T reduces the memory
footprint by 30.73% and P90 user-perceived latency
(UPL) by 31.30%.

We describe the problem in Sec. P]and GQ in Sec. 3] The
experimental settings and results are detailed in Sec. |4, We
conclude in Sec. [5l with some final remarks.

2. PRELIMINARIES

2.1. Problem Formulation

Consider a general deep neural network architecture with K
layers, ¥ = Fj o --- o Fg, mapping the input from R
to the output in R4%+1 as F : R4 +—— RIx+1, where the
input and output of an arbitrary k-th layer are xz(*t1) =
Fi(x®)). Under supervised learning, the training data X’ =
{z1,...,zny} and ¥ = {y1,...,yn} are used for updat-
ing model weights W = [W7, ..., W] for K layers in F.
Usually the optimization process is over the training objective

N
function L(X, Y, F, W) = £ > U(F(zs),y:) + AR(W),
i=1

where i is the data batch index, ¢ is the major loss term mea-
suring model accuracy and R(W) is the regularizer blended
to the objective function via a coefficient \.

Network quantization aims at discretizing model weights.
For scalar quantization, it is to convert each weight, w € W,
to a quantization centroid, z € z, where z = [z1,...2,] tO
ensure the network is compressed into [logam |-bit. For S8B
quantization, centroids are from a subset of INT8 values.

2.2. Related QAT Approaches

BP-QAT counters model weight continuity via regulariza-
tion. For example, it introduces weight regularizers on

model weights, i.e., R(W), measuring the point-wise dis-
tance between each weight and m quantization centroids in
the centroid vector z = [z1, ...z, ]. Note that the quantization
weight regularizer in the loss function, as R(W), must be
gradient descent compatible. Consequently, R(W) cannot
enforce each weight to be replaced by the closest centroid in
z asw = argmin ||w — 2|, forw € W and z; € z, be-
cause the min o;;erator is not differentiable. Recent BP-QAT
methods force weights to approach the centroid in z using

R(W) = > D(w, z), where the differentiable dissimilarity
weWw
function D is based on a cosine function in [12} [13]].

In contrast, FP-QAT can be regularizer free [9} 20]. Usu-
ally, the process is to use a “fake quantizer” or equivalent
operations during training, hard quantizing weights to a spe-
cific range and bit-depth; and then at runtime, converting the
model to INT8 format via TFLite [21]. The study [9] uses
native quantization operators with which, during training,
the weights are quantized and then converted to the integer
type for model deployment. However, FP-QAT is essentially
hard compression recurring during training with severely
dropped performance when applied to S8B quantization.
Consequently, finetuning is usually needed, which prolongs
the model training time [22, 23]

Both FP-QAT and BP-QAT require specifying appropri-
ate quantization centroids before model training. While the
centroids for INT8 model compression are pre-defined, for
S8B quantization, the optimal set of centroids is usually ker-
nel/layer specific. For models, such as Conformer [[15]], where
there are usually hundreds of kernels, current S§B QAT meth-
ods become less tractable.

In this work, we combine the merit from both FP- and
BP-QAT and propose General Quantizer (GQ) that navigates
weights to the corresponding quantization centroids without
introducing augmented regularizers but via feedforward-only
operators. Our work is inspired by a continuous relaxation of
quantization [24] also used for speech representation learning
[250126L 1271 128,129], and p-Law algorithm for 8-bit pulse-code
modulation (PCM) digital telecommunication [30]].

3. METHODS

3.1. Centroid Selection via Softmax-Based Dissimilarity
Matrices

For any weight value w; € w where |w| = n, and the quan-
tization centroid vector z = [z1, ...z, ], We define the point-
wise dissimilarity matrix in Eq.

aix - Gim
Aot = ) (1)

anl s Opm

where a;; is the probability of representing w; by z;. Each
row in Agni-] is summed to 1 with the largest probability
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quantization approximation. Here, wrapped quantization centroids
the larger the softmax temperature « and p. A large p means more
is, the closer to true quantization that quantization centroids are allocated
the weight transformation becomes. near 0 and vice versa.

Relationship ~ between  the

Fig. 1: Hyperparameters in GQ: « adjusts the quantization
temperature which increases gradually during training, and
modulates the non-linearity of quantization centroids.

going to the closest centroid. This is achieved when the point-
wise distance ||w; — z;||1 is scaled by a negative number —cv
and wrapped by a Softmax function in Eq. 2]

e—cllwi—z;l1

T — @
> e—allwi—z;ll

Jj=1

aij =

Here, o € [1, 00) serves as the Softmax temperature for quan-
tization annealing. When « is relatively small, w; will be ap-
proximated by all centroids in z (see Eq[3); when @ — o0,
Agorc[i-] becomes a one-hot vector Apaqli-] and the weight
will be the closest centroid.

w; = z X Asoft[i'}T- 3

For simplicity, during training, we set the initial and target
scalar values to be o and aepng, and allow « to gradually
and linearly increase from Sga tO Send, as shown in Eq. E}

Glend — start
Q= Qstart (3 - Sstarl) X . 4)
Send — Sstart

As a result, the QAT effect is gradually intensified. At o =
10, a rather small value, weights after being approximated by
quantization centroids in z roughly preserve their original val-
ues; however, as « gradually increased to 500, the near-linear
line almost becomes a step function, aggregating weights to
just a few centroids (see Fig. |l| (a)). This forms a soft-to-
hard QAT and allows model weights to be updated via gradi-
ents with barely any extra constraint during the early stage of
training before driving weights to a certain centroid.

System Memory—]
[ Sub-8-bit Matr

NNA Chip Memor\]
ices I

8-bit Matrices INT8 Neural Computing

Fig. 2: Loading weights from system memory to chip mem-
ory on NNA is faster in S8B format, although the arithmetic
operation is still in INT8 format.

3.2. Adjusting Centroids with ;-Law Expanding

We assume weight distribution symmetry from any kernel
in a trained 32-bit neural network in which the absolute val-
ues of most weights are small. Consequently, the imposed
m quantization centroids in z should also be symmetric
(|2i| = |2m—+1—:| where @ € [1,m]) with most centroids close
to 0. To specify and adjust the level of non-linearity of z per
kernel during training, we resort to y-Law algorithm, mainly
used in 8-bit PCM telecommunication (similar to A-Law al-
gorithm standardized in Europe). The motivation for using
p-Law function is that it accents samplings from small (soft)
values, reducing the quantization error and increasing signal-
to-quantization-noise-error (SQNR) for data transmission.
Hence, we employ the u-Law algorithm in GQ to improve
the quantization robustness of ASR models.

In pi-Law expanding function (Eq. [5)), z, linearly spaced
values within the range of -1 and 1, are warped as z’ in which
the values are driven closer to 0, except for the boundary
poles. As shown in Fig. [T](b), when 1 increases, the linearly
spaced values are more noticeably warped in the u-Law trans-
formed space: by adjusting the value of x that minimizes the
quantization error arg mﬂin [|2" X Agofe — wl|2, quantization

centroids in z can be re-distributed to better reflect the dy-
namic weight range of a specific neural component. A larger
1+ means the weight distribution is concentrated near O; there-
fore, we allocate more quantization centroids near the origin.
Smaller  values indicate the weight distribution is tail-heavy.

(1+u)z'—1>. )

z' =sng(z
g( )( 1

3.3. S8B Model for 8-Bit Computing

Due to limited chip memory size and bandwidth of the NNA,
weights are loaded from system memory to the chip memory
per matrix, which is time consuming. Hence, compressing the
model into S8B can achieve inference speedup, even though
NNA uses INT8 for neural computing (see Fig[2).
Nonetheless, we map z’ in Eq. [5|to the closest value in
[--k/128 -], where the integer k € [—128,127], such that
in-training and runtime quantization centroids are consistent.

3.4. Callback “Is All You Need”

A callback is a set of functions to be invoked at certain train-
ing stages. Under GQ, the callback is all you need: For any
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given the annealing factor v and non-linearity factor p.

Fig. 3: The Softmax temperature v and non-linearity factor y for quantization centroids are updated during GQ callbacks.

tensor from an ASR model, during the callback, GQ will be
applied to every weight vector w € W compressing it into
w, for any W € W. Concretely in Fig. 3] (b), we consider a
binarized case where the centroid vector contains two values:
0 and 1. As the annealing factor « increases during training,
the centroid assignment probabilities in A become more con-
trastive with the probability on the closest centroid becoming
almost 1 and the other nearing 0. When « is sufficiently large,
A approximates Ap,q Where each row is a one-hot vector. In
the meantime, 1 is adjusted as shown in Fig. [3] (a). Up to
this stage, hard-quantizing W with Ap,q does not yield no-
ticeable degradation. In other words, without any regularizer,
GQ effectively pushes weights to centroids during training for
runtime model compression.

4. EXPERIMENT

4.1. Model

We consider both RNN-T and a lightweight streamable Con-
former for experimental validation. We build a conventional
RNN-T consisting of 5 LSTM encoding layers and 2 LSTM
decoding layers with 1024 hidden units per layer and a fully
connected joint layer. Furthermore, we benchmark GQ on
an RNN-T variant with a branched encoder, named Bifocal
RNN-T [17]. It has 2 encoders of different computational
complexity and decides on-the-fly which encoder to use per
input frame. Aside from the encoder in conventional RNN-
T, bifocal RNN-T has another much smaller encoder with the
same amount of layers but only 256 hidden units to process
less intentful input frames.

Another end-to-end streaming ASR model is Conformer
[[15], whose audio encoder consists of stacks of Conformer
blocks (see Table[T). Each Conformer block consists of two
feedforward layers, a multi-head attention layer, and a con-

volutional module. We build a Conformer with 14 layers in
which we use multi-head attention with 4 heads and each head
with a dimension of 64. We make it causal by applying masks
to multi-head attention layers to only attend to the left context.
For the sub-sampling block of Conformer, we use two layers
of 2D CNN with filters of 128 channels, kernel size of 3, and
stride of 2. The feedforward hidden unit dimension is 1024.
We adopt SpecAug [32] with the following hyper-parameters:
maximum ratio of masked time frames=0.04, adaptive mul-
tiplicity=0.04, maximum ratio of masked frequencies=0.34,
and number of frequency masks=2.

We use a word-piece tokenizer and generate 2500 word-
piece tokens as the output vocabulary. We use the Adam op-
timizer [33]] with 5,=0.9, $2=0.98, and e=1e-9. The learning
rate is 0.002 with 10k warm-up steps. The step size is 1k,
and 5k for Librispeech and de-identified in-house data, re-
spectively, and the model is trained until no improvement is
observed on the dev set. With =8, « is gradually increased
from 10 to 400 before the hard compression.

4.2. Data

We train conventional RNN-T and Conformer on LibriSpeech
data corpus with 960 hours of training data for 120k steps.
The 5.4 hours of dev-clean dataset and 5.3 hours of dev-other
dataset are used for checkpoint selection. Models are then
evaluated on 5.4 hours of test-clean and 5.1 hours of test-other
dataset. We train the Bifocal RNN-T on a de-identified far-
field dataset consisting of 100k hours of human transcribed
data for 700k steps, validate the training via 50k utterances of
dev dataset, and evaluate the model with 50k test utterances
that are frequently queried in spoken language understanding
tasks. We benchmark the UPL metrics from 4 NNA embed-
ded devices on 6k utterances.



Table 1: The Conformer architecture with ~ 28M parameters
and 14 blocks. All first 13 blocks share the same topology
while the last block does not include the dense kernel labeled
by *. Those with T form the dot product multi-head attention
with relative positional embeddings (causal-relmha) [31]. Bi-
ases are not listed.

‘ Conformer Module ‘ Kernel Shape ‘ Params (M)
. (3,3,1,128)
S“ﬁ;‘;ﬁ‘fe’img (3, 3,128, 128) 1.72
(6144, 256)
(256, 1024) T
(1024, 256)
(4, 256, 64)f
(4,256, 64)t
5 (4,256, 64)"
S Conformer (4, 256, 64)t
S » 20, x 14
5 Block (4, 64, 256)t 21.87
(1, 1,256, 512)
(32,1,256, 1)
(1, 1, 256, 256)
(256, 1024)
(1024, 256)F
Encoder Proj
Dense Kernel (256, 100) 0.26
Single (256, 2560)
= p
%) LSTM Layer (640, 2560) 6o
3 Vocab Proj
A Dense Kernel (640,512)
Joint | Dense Kernel | (512, 2501) | 1.28

Table 2: WER performance of Conventional RNN-T on Lib-
riSpeech datasets

| dev-clean | dev-other | test-clean | test-other

32-bitbaseline | 811 | 2127 | 868 | 2229
8-bit QAT | 815 | 2141 | 870 | 2236
6-bit QAT | 832 | 2184 | 890 | 2282
6-bit GQ | 776 | 2080 | 839 | 2212
5-bit GQ | 793 | 2134 | 833 | 2216
4-bit GQ | 823 | 2182 | 878 | 2254

4.3. Accuracy Comparison for RNN-T and Conformer

For conventional RNN-T, we compare GQ with its BP-QAT
[12]] in various S8B settings in Table@ At 6-bit, GQ achieves
a lower word error rate (WER) from all 4 datasets with 5.7%
relative WER improvement on test-clean and 2.6% on test-
other. It shows no degradation at 5-bit and 6-bit from 32-
bit. GQ at 4-bit only shows less than 2% relative degradation
compared to QAT at 8-bit.

We also report WERSs from a GQ compressed Conformer
in Table. While the 32-bit baseline yields the best WER
on the training set, both 5-bit and 6-bit quantized Conform-
ers (with all other settings being the same) generalize better
on dev-clean and dev-other datasets. Furthermore, we select

Table 3: GQ performance on a lightweight and streaming
Conformer for LibriSpeech datasets. Here, full x-bit means
all weights in the model are compressed to x-bit. If a module
is labeled as x-bit, all weights in that module are compressed
to x-bit with all other weights in 8-bit.

‘train ‘ dev-clean ‘ dev-other ‘ test-clean ‘ test—other‘ size reduct.

32-bitbaseline [0.86| 5.62 | 14.11 | 574 | 1421 | -
Full 6-bit [142] 506 | 1342 | 526 | 1338 | 53x
Full 5-bit |2.15] 538 | 1358 | 550 | 13.85 | 6.4x
4-bit Conv-Block|1.73| 597 | 1452 | 602 | 1487 | 7.1x
4-bit MHSA  [1.02| 546 | 1385 | 576 | 1426 | 4.6x

the best checkpoint based on dev-clean WER and observe no
degradation from the test sets with the model size reduced by
6.4x. Although this seems counter-intuitive in that the com-
pressed model outperforms the 32-bit baseline, it is not rare as
also shown in [9]. One explanation is that by driving weights
towards quantization centroids, the search space is drastically
reduced, yielding an arguably easier optimization process.

Although GQ shows little (< 5% relatively) to no accu-
racy loss compared to the 32-bit baseline, it is worth mention-
ing that 4-bit quantization severely impacts the generalizabil-
ity of Conformer on dev and test datasets, compared to the 5-
bit mode. Even when only multi-head self-attention (MHSA)
modules (approximately only 15% of total parameters) are
quantized in 4-bit, the WER from dev and test datasets de-
clines noticeably while that from the training dataset is much
better. It is also observed from the 4-bit conv-block setting
where about 77% of weights are 4-bit compressed.

4.4. Accuracy, Memory Footprint and UPL Comparisons
for Bifocal RNN-T

To better understand GQ’s impact on memory footprint and
UPL, we apply both GQ and our previous QAT methods to
Bifocal RNN-T trained on a de-identified far-field dataset,
where weights are compressed to various bit-depth configu-
rations (see Table[)). Under S8B-QAT, we compress weights
in all but the first layer in 5-bit for the left encoder (L-Enc),
right encoder (R-Enc), and decoder with all other weights in
8-bit. With GQ, we compress the model to 5-bit (5B-GQ)
or lower (S5B-GQ) without damaging the predictive perfor-
mance on the frequent test set, compared to our previous 8-bit
(8B-QAT) and sub-8-bit (S8B-QAT) methods.

We compile the ONNX files [34] of the trained models to
hardware executable binary files for memory and UPL bench-
markings. In Table. f] the memory consumption is reduced
to 20.83MB in 5-bit from 30.07MB in 8-bit, which amounts
to a 30.73% memory savings and yields to 20% p50 UPL re-
duction (32.30% and 32.75% UPL reduction for P90 and P99,
respectively). Although we binarize the left encoder without
degrading the accuracy, the impact on memory and latency is
not significant as the left encoder is already small.



Table 4: Memory footprint, UPL and accuracy benchmarks for Bifocal RNN-T under various quantization bit-depth settings.
The number of model parameters is the same among four experimental settings for a fair comparison.

| Bit-Depth | Normalized Memory Footprint | Normalized UPL | Normalized Accuracy
‘L-Enc R-Enc Dec Joint ‘ Total Rel. Dgrd. ‘ P50 Rel. Dgrd. P90 Rel. Dgrd. P99 Rel. Dgrd. ‘ Frequent Test Set
8B-QAT | 8 8 8 8 |1.00 - | 1.00 - 1.55 - 2.58 - 1.00
S8B-QAT| 5/8 58 58 8 |083 -17.43 [0.87 -12.52 122 -21.08 2.04 -20.68 | 0.99
5B-GQ \ 5 5 5 5 \ 0.69 -30.73 \0.80 -19.75  1.07 -31.30 1.76 -31.75 \ 0.96
S5B-GQ | 1 5 5 5 068 -32.09 |0.80 -2031 105 -3220 170 -34.07 | 0.97
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Fig. 4: Without loss of generality, we use Conformer for ablation studies on quantization frequency and bit allocation of GQ.

4.5. Analysis of Quantization Frequency and Bit-Allocation

To understand how frequent should GQ be invoked during
training, we alternate different quantization frequencies to
train the 6-bit Conformer. Fig. E] (a) shows that a too fre-
quent in-training quantization setting hurts the predictive
performance. One explanation is that it offsets the gradient
effect by dragging weights back to the near-centroid zone.
In practice, we observe no accuracy degradation even when
the quantization frequency is 10k training steps, allowing us
to compress a Conformer model to 4-bit in just a few GQ
invocations. Additionally, the WER curves in Fig. ] (a) are
relatively smooth as GQ periodically performs, which indi-
cates that the training is quantization aware even without any
augmented regularizers.

We perform bitwise analysis of all encoding blocks of a
lightweight and streaming Conformer (Fig. [] (b)). 14 en-
coding blocks are included in the Conformer, accounting for
~ 80% of the total parameters. The Conformer is fully quan-
tized to 6-bit requiring that all weight matrices (kernels) must
have no more than 64 distinct weight values. Weight matri-
ces are categorized as a dense kernel, MHSA kernel, or other
types of convolution kernel, such as a depthwise convolu-
tion kernel. Using a box plot, we show the lower and upper
quartiles of the 95% confidence interval along with the mean
(orange dotted line) and median (green solid line) values for

weight matrices from all blocks. It is worth noting that most
weight matrices do not consume all 64 distinct values from
6-bit quantization to yield predictive results as good as 32-
bit counterparts. Particularly, convolution kernels, whether
in MHSA modules or not, are less bit consuming than dense
kernels. The number of distinct values is found positively
correlated to the weight boundary of the kernel: a smaller
weight range indicates a fewer number of distinct values or
quantization bit-depth and vice versa. To further reduce the
memory footprint and UPL, compressing components with a
narrow boundary to a lower bit-depth could be preferred over
the dense kernel with a larger weight boundary.

5. CONCLUDING REMARKS

We proposed General Quantizer (GQ) a plug-and-play QAT
mechanism, allowing models to be compressed to an arbi-
trary bit-depth during training without augmented regulariz-
ers. We applied GQ to three popular end-to-end Automatic
Speech Recognition (ASR) models: conventional RNN-T, Bi-
focal RNN-T, and Conformer. In various sub-8-bit settings,
GQ shows little to no accuracy degradation while noticeably
reducing the memory footprint and user-perceived latency.
GQ is model-agnostic and can be applied to feature map com-
pression as one future direction.
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