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ABSTRACT

Inference with large deep learning models in resource-constrained
settings is increasingly a bottleneck in real-world applications of
state-of-the-art AIl. Here we address this by low-precision weight
quantization. We achieve very low accuracy degradation by re-
parameterizing the weights in a way that leaves the weight distribu-
tion approximately uniform. We show lower bit-width quantization
and less accuracy degradation than previously reported in experi-
ments on GLUE benchmarks (3-bit, 0.2% rel. degradation), and on
internal intent/slot-filling datasets (2-bit, 0.4% rel. degradation).
Index Terms: quantization, deep learning, transformers

1. INTRODUCTION

Very large machine learning models, with a high count of learn-
able parameters is a hallmark of contemporary deep learning. A
number of studies have shown and quantified that in many settings,
larger is better, e.g., [1]. In particular for Natural Language Pro-
cessing (NLP), large transformer-based language models trained on
terrabytes of unlabeled data have recently formed the backbone for
systems that excel on important benchmarks [2, 3]. As the success
and size of such models grow, so too does the importance of com-
pressing them without sacrificing too much of their performance.
Compression is motivated by inference speed/cost, for enabling de-
ployment in resource-constrained edge devices, and a lower carbon
footprint [4, 5].

Techniques for compressing neural network models range from
pruning weights [6, 7], to low-rank factorization [8], to training a
small model under the supervision of a larger one [9]. One method
with a rich history is quantizing the model parameters into fewer
bits [10, 11]. Quantization is a straight-forward approach for re-
ducing size and increasing speed and, with bit-widths of eight bits
or more, it can often be done easily with very little degradation in
accuracy [12]. However for a given model and task setting, each
quantization method has a characteristic accuracy versus compres-
sion curve where accuracy typically degrades rapidly above some
level of aggressive quantization. For transformer models in particu-
lar, it has been shown difficult to quantize weights to fewer than four
bits without significant degradation [13, 14] and many works focus
on 8-bit quantization, e.g., [15].

A basic approach is full-precision training followed by quanti-
zation, but for aggressive compression the quantization noise intro-
duced by this mismatch between training and test can degrade ac-
curacy. This can be mitigated by quantization-aware training, [11],
and more recently [12], which introduces quantization during train-
ing, typically by injecting quantization noise in the forward pass,
and estimating the gradients of quantized parameters with Straight
Through Estimators (STE) [16]. Some studies have pointed out that
as a secondary effect, STE introduces a small bias during training
and have proposed extensions to the method [17].
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A relatively unexplored approach to quantization-aware training
is studying and optimizing the overall distribution of weights under
the typical stochastic gradient descent (SGD) optimization. In this
paper we take this approach when we consider the problem of quan-
tizing large transformer-based language models into low bit-widths
(sub 4-bit precision). This type of compression level promises to re-
duce memory footprint even further and allow very fast inference by
leveraging low bit precision operators.

Our contributions We propose (i) a novel weight transforma-
tion that causes SGD to learn approximately uniformly distributed
weights instead of the typical Gaussian distribution. Further, we ap-
ply (i¢) a regularization technique that controls the mean and vari-
ance of the learned parameters, and we show how it can be effi-
ciently implemented in modern deep learning frameworks. Finally,
(i41) we demonstrate empirically, as far as we know, the lowest re-
ported quantization bit-widths for compressed transformer models
with only minor accuracy degradations measured on common bench-
mark tests - only 0.2% relative degradation with 3-bit precision.

2. BACKGROUND

Given a vector of weights w, each individual weight w; is lin-
early mapped to a finite range, typically [-1,1], by normalizing:

Wi = 2#% — 1 where min(w) and max(w) are stored
separately for each weight field. To quantize the weights, 2% points

are spaced uniformly [-1,1] and ), is mapped to the closest point:

Q(w:) = (round[2" " (1 +1) - 0.5] +0.5) + 2" = 1. (1)

With the quantization aware training approach, the quantized pa-
rameters are directly optimized with STE [16], since the round|-]
operation is non-differentiable.

Outliers in the distribution of the unquantized weights stretch
the weight range and wider ranges space the quantized points fur-
ther apart, increasing the quantization error: |w; — Q(w;)|. This
can be mitigated by approaches that attempt to adapt to the natural
bell-curve of the weight distribution (discussed in Section 6). We
adopt a different approach, shaping the weight distribution so that it
resembles the uniform distribution where each quantization level is
utilized equally.

Our method can be applied to any weight fields, but in the rest
of this paper, we focus on the transformer neural network architec-
ture [18]. The model-weights of the transformer are contained in
affine linear operations that transform an input x by Wz + b where
W is a matrix of weights and b is a vector of bias terms. We focus
on quantizing the weight matrices W that form the bulk of the size
and computation in the network.
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3. METHODS

Weights in neural networks optimized with stochastic gradient de-
scent are generated by aggregating a large number of stochastic up-
dates and as understood by the central limit theorem, this typically
results in Gaussian distributed weights. For example, this is ob-
served empirically in the weights of Transformer models [18] and
popular convolutional neural networks like ResNet [19]. However,
for quantizing weights, the Gaussian distribution is not particularly
efficient. Individual weights in the tails of the bell-curve are rare, but
we still must allocate precious bits to them.

Quantization would be most efficient if weights were uniformly
distributed, for example U/(—1,1). This leads us to the key idea
to make our model weights a function f of the actual SGD-trained
parameters P. Specifically, we want to select f such that if P ~
N(0,0%), then W = f(P) ~ U(-1,1). By definition, we can use
the Gaussian cumulative distribution function f(p) = 2 erf(p) - 1,
to achieve this, and this is a feasible variant of the method, but for
some reduction in computation, here we opt to use the rough approx-
imation f = tanh(-). In the following, we derive the distribution of
tanh(P) when P ~ N (0, 0?).

Given P ~ N(0,0%), W = tanh(P), p = arctanh(w) with
w € [-1,1] we have IP(W < w) = IP(arctanh(WW) < p). Further:
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Not surprisingly, the shape of the distribution of W depends on
the variance o2. This can be treated as a hyperparameter, but intu-
itively, we want the transformed distribution to resemble 2/ (-1,1).
To that end, in Figure 1, we plot the distribution for ¢ optimized
with a few different similarity objectives, and from visual inspection
of Figure 1, we select the target o = 0.8 ~ \/2/m in our experi-
ments. Note: if we had used the exact f(p) = 2 erf(p) — 1 we
would simply use the target o; = 1.0.

To achieve this target weight distribution, we first initialize
weights with the desired distribution, AV(0,07), and then we train
with a regularization loss L that penalizes deviations from the tar-
get distribution:

Lg =) ((stddev(P) —o)?+ mean(P)2) . (6)

This regularization encourages W to be uniformly distributed.
Our initialization insures that L is initially zero, and since the mean
and variance statistics change slowly compared to changes in indi-
vidual weights, we can use a low rate A\, on the regularization term
while still maintaining the target distribution throughout the training.
As shown in (6), we rely on auto-differentiating stddev and mean,
but it can be shown that the gradient can also be formulated where
this is not required:

_ stddev(P)-o

p= stddev(P) 7
=2 mean(P)(1 - p) @

dL
TQ =Aq (2ppi + 1),
Pi 1%
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Fig. 1. Resulting weight distribution derived by optimizing o in
three ways. If we match the variance of the distributions, we get
the optimum for o = 0.8424. Minimizing the KL divergence yields
o+ = 0.9069 (the exact value is 7/ V/12). However, in our experi-
ments, we use o; = 0.8, which approximately corresponds to solv-
ing f(0) = 0.5 (solid orange line). The exact value is \/2/m. The
shaded region represents the normalized histogram of weights in a
network trained with o; = 0.8. This empirical distribution does not
exactly coincide with the predicted as our Gaussian assumption is
approximate. Nonetheless, the resulting distribution makes linear
quantization very information efficient.

Thus far we have shown that we can re-parameterize the weights
W as f(P) to change the distribution by applying a squashing
function (tanh). However, applying the squashing function to the
weights restricts the range of the output. We deal with this by intro-
ducing a vector of gain parameters g (the same size as b) and apply
them to the output to re-enable the full range: tanh(P)ze? + b. We
initialize e’ to achieve an initial weight distribution that is commen-
surable with best practices for training models of a certain archi-
tecture. For our experiments, inspired by Xavier initialization [20],
we used Ginit = — log(af /Min ), where n;, is the number of input
features to the linear transform.

Because SGD is not scale-invariant, transforming the parameters
impacts the optimal learning rate for training. Empirically we found
that with our method, a good choice for learning rate is about 10x
higher than for the original model training. This can be explained by
the fact that the gain e? and the < 1 magnitude of the derivative of
tanh act to scale down the gradient of the parameters P.

In summary, we modify the original transformer architecture
by replacing the linear operation with tanh(P)ze? and train the
parameters P with the quantization regularization loss Lg. For
quantization-aware training, we use STE [16] to estimate the gradi-
ents by ignoring non-differentiable operators in the backward pass.
Note that quantization is applied to tanh(P) — not to P. When
training is completed, we can convert the model back to the original
transformer architecture, but with aggressively quantized weights.

4. RESULTS

We evaluate our quantization method, Squashed Weight Quantiza-
tion (SqWQ), on three tasks: language modeling, sentence classifi-
cation, and token classification.

4.1. Language modeling

In this set of experiments, we show that the architectural changes and
regularization (without quantization) we introduce with SqWQ do
not degrade performance on unsupervised language modeling tasks.



Model Teacher Objective  Perplexity
BERT - MLM only 7.97
DistilBERT BERT Distilled 8.65
leanBERT BERT Distilled 8.71
SqWQ BERT - MLM only 9.12
SqWQ BERT BERT Distilled 7.85
SqWQ DistilBERT  BERT Distilled 8.51
SqWQ leanBERT BERT Distilled 8.95

Table 1. Perplexity comparison of models trained with our proposed
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architecture and loss function (SqWQ#*) to unmodified baseline mod-
els. DistilBERT and leanBERT are 6 and 4 layer BERT variants.

Pretraining We pretrain transformer models with SQWQ using the
masked language modeling (MLM) objective described in [21] with
modifications proposed in [2]. Namely, we drop the sentence level
tasks like next sentence prediction (NSP) and truncate sentences to
256 characters to reduce training time. We perform pretraining on
the Wikipedia and the Google Billion Word [22] datasets.

The results on a held out test set are presented in Table 1. The
gap between the standard BERT and SqWQ BERT is about 1 per-
plexity point. In the following experiments we show how we can
close this gap with distillation.

Distillation We perform distillation using two variants proposed
in the literature on the MLM task: MLM loss combined with co-
sine distance based distillation losses [23] and MLM loss with mean
squared error based distillation losses [24].

Table 1 shows the results of distillation with SqQWQ. We first
show that it is possible to close the perplexity gap between standard
BERT and SqWQ BERT by incorporating the distillation losses. Us-
ing the standard BERT model as a teacher, we show that we can
match the perplexity between the 6-layer DistilBERT and SqWQ
DistilBERT. The approach also holds for the shorter 4-layer trans-
former (leanBERT) where the standard leanBERT and SqWQ lean-
BERT perplexity are nearly equal.

4.2. Natural language understanding

We finetune the distilled SqWQ models and compare them to strong
baselines on several sentence level and token level language under-
standing tasks.

Sentence level classification We consider 6 tasks from the GLUE
set of benchmark tasks: MNLI, MRPC, QNLI, QQP, RTE, and SST-
2 [25]. Results on the dev sets of these tasks are shown in Table 2,
where we compare 3 models: uncompressed models, models quan-
tized with iterative Product Quantization (iPQ) [26], and models
with SqWQ.

Token level classification Our models are also evaluated on tasks
involving token level decisions, specifically the joint intent classifi-
cation and slot labeling (ICSL) task. For this task, the model outputs
a prediction for each input token in the sentence as well as an intent
for the entire sentence. For example:
MOVIEINTENT: play i my tv
—_—_.— e
Other Movie Movie Other Other Device
This internal dataset (ICSL) consists of 26 domains with a com-
bined total of 40M training, 8M validation, and 888K test examples.

robot on
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Fig. 2. Results using SQWQ DistilBERT on the dev sets of two
GLUE tasks with the combination of QuantNoise [17] and our pro-
posed method. gn=1.0 corresponds to the standard quantization
aware training setting while gn=0.0 is training without quantizing
any parameters in the forward pass.

The data is unevenly split between domains, with 7 high resource
domains and 19 medium-low resource domains.

We compare the performance of iterative product quantization
(iPQ) and our method at approximately the same compression level
on this task. We measure the Semantic Error (SemER), defined by
SemER = %. where C, D, I, and S represent the count
of correct, deleted, inserted, and substituted slots, where intent is
counted as a special slot, and IV is the total reference count of slots
plus one for the intent.

Table 3 shows the weighted average performance over 26 do-
mains for the uncompressed model, iPQ with varying block size,
and SqWQ with 8, 4, 2, 1-bit precisions. Our method maintains per-
formance relative to the uncompressed baseline at much higher com-
pression ratios than iPQ. Even at 1-bit precision, models trained with
SqWQ show very small degradation relative to the baseline (0.42%).

5. ANALYSIS

In this section, we study the decision of when to quantize the net-
work explicitly (pretraining vs finetuning), combine our method with
a quantization aware training approach such as QuantNoise [17], and
compare to post training quantization.

Fixing quantization levels Our proposed method permits the flex-
ibility to choose the quantization level for the model at pretraining
time or finetuning time. In Table 4, we show that there is little degra-
dation associated with pretraining without explicitly choosing the
number of quantization levels and deferring the actual quantization
to finetuning time.

QuantNoise and SqWQ To study the effect of bias introduced by
the STE, we combined our method with QuantNoise [17]. Quant-
Noise deals with STE biased gradients by quantizing only a ran-
dom subset of weights in each forward pass. This allows unbiased
gradients to flow through the unquantized weights and was demon-
strated to improve performance over standard quantization aware
training [17]. We apply QuantNoise to SqWQ and present the re-
sults in Figure 2. We show that in some cases combining QuantNoise
with SqWQ can slightly improve performance. However in the low
bit regime of interest (4 bits and below), the effect is not observed. In
addition, we conclude that with our approach standard quantization
aware training (gn=1.0) is the most effective.



Method Comp/Bits MNLI MRPC QNLI QQP RTE SST2 Average
No Quant  1.0/32 bit 82.52 84.31 87.13  90.08 59.57 92.09 82.56
iPQ 5.01/- 81.78 83.09 86.44 89.49 556 914 81.31
SqWQ 3.97/8 bit 81.5 83.58 8741 89.72 58.84 9232 8215
SqWQ 7.88/4 bit 80.59 82.6 86.51 8874 5921 91.74 8143
SqwWQ 12.00/3 bit ~ 81.66 83.82 86.34 8937 62.09 922 82.39
SqWQ 15.51/2bit ~ 79.72  73.77 8444 8873 58.12 90.71 79.36
SqWQ 30.06/1 bit  71.57 72.3 69.98 8574 53.07 8337 7253

Table 2. Accuracy on the development sets of 6 GLUE tasks with the DistilBERT architecture (3 seed median). Our method outperforms iPQ
(b=2) at higher compression ratios. In the best setting (3-bit SQWQ), we achieve 12x compression at only 0.2% relative degradation.

Model Rel. SemER  Comp. Ratio
leanBERT 0.0 % 1.0

iPQ leanBERT (b=1) 0.0 % 2.65

iPQ leanBERT (b=2) 0.11 % 3.66

iPQ leanBERT (b=4) 253 % 4.49

8-bit SqWQ leanBERT 0.0 % 3.96

4-bit SqWQ leanBERT  0.11 % 7.83

2-bit SQWQ leanBERT  0.42 % 15.29

1-bit SqWQ leanBERT  0.42 % 29.23

Table 3. Relative SemER and compression ratio on ICSL of iPQ
versus SQWQ. SqWQ enables much higher compression ratios with
small performance degradation.

Quant @ Distill Quant @ FT  Shop Music  Comm.
4 bit 4 bit 051% 0.05% -0.30%
None (32 bit) 4 bit 0.68% 0.08% -0.36 %
3 bit 3 bit 060% 039% -0.22%
None (32 bit) 3 bit 0.68% 051% -0.18%

Table 4. Comparing quantization during both distillation and fine-
tuning to only during finetuning on ICSL. We report SemER relative
to the unquantized model (leanBERT) where | is better. There is a
small loss in performance associated with deferring quantization to
finetuning, but the benefit is that quantization level is flexible during
finetuning.

SqWQ vs post-training quantization The simplest baseline for
quantization aware methods like SQWQ is post-training quantiza-
tion. This corrsponds to gn=0.0 in Figure 2 where we see that per-
formance degrades significantly for low bit widths.

6. RELATED WORK

Quantization of neural networks has attracted a large body of work
over the last few decades. A special case is binary networks (1 bit),
where [27, 28, 29] are early works. In [30] the authors demon-
strated quantized backpropagation with ternary weights and special-
ized multiplication hardware to reduce both training and inference
time. Other approaches have targeted higher bitwidths, such as 4-bit
[31] and 8-bit [15]. Besides scalar quantization, vector quantization,
such as iPQ [26], group weights into clusters and represent weights
by combinations of cluster centroids via codebooks. Typically, the
vector quantization approach yields higher compression ratios than
scalar quantization but is less straighforward to leverage without spe-
cialized operators.
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To close the performance gap to unquantized models, nearly all
quantization approaches train the network with quantization oper-
ations and the straight through estimator [16]. Closing this gap at
low bitwidths is challenging, for example, with quantization interval
training [31] the performance degradation relative to the unquantized
baseline is still > 5%. Even with learnable quantizers [32] the per-
formance drop is non-negligible. Our approach aims to close this
gap further for low bitwidths.

The long-tailed Gaussian weight distribution has been identified
as a challenge for effective quantization [33]. Clipping outliers and
non-uniform quantization [34, 35] are straightforward approaches
to deal with the long tail. By adding redundant connections to the
network, [33] iteratively split the weights in the tail to reduce the
number of outliers. Our work tackles this problem from a different
perspective, directly addressing the distribution of the weights dur-
ing training.

There has been recent efforts to quantize transformer models for
machine translation [13], language modeling [15, 14], and natural
language understanding [17]. Several of these works rely purely on
STE for quantization aware training (QAT) and achieve promising
results [13, 15]. The basic QAT approach is improved by adding
quantization noise during training [17] and jointly optimizing quan-
tized weights and variable bitwidths [14]. However, SqWQ com-
pares favorably with these methods at low bitwidths.

7. CONCLUSION

Our approach to quantizing large neural networks allows compres-
sion to very small bit-widths without significant performance degra-
dation. We achieve this with a simple re-parameterization of the
weights that squash the distribution, and by introducing a regular-
ization term to the training loss. Our results are shown to hold
across common unsupervised and supervised NLP benchmarks and
for state-of-the-art transformer models, and we will report on apply-
ing this general method to other architectures in the future. Con-
currently, our technique has been applied to keyword spotting mod-
els [36].

We intend to explore composing our approach with other quan-
tization approaches, such as adapting absolute cosine regulariza-
tion [37] for transformers. One interesting direction is enabling vari-
able bitwidths across model parameter groups [14] that can further
close the gap between the quantized and unquantized models. We
are also interested in applying our approach to activations to further
improve inference latency.
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