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Abstract Low-precision training has emerged as a practical
approach, saving the cost of time, memory, and energy during
deep neural networks (DNNs) training. Typically, the use of
lower precision introduces quantization errors that need to be
minimized to maintain model performance, often neglecting to
consider the potential benefits of reducing training precision.
This paper rethinks low-precision training, highlighting the
potential benefits of lowering precision: (1) low precision can
serve as a form of regularization in DNN training by
constraining excessive variance in the model; (2) layer-wise
low precision can be seen as an alternative dimension of
sparsity, orthogonal to pruning, contributing to improved
generalization in DNNs. Based on these analyses, we propose a
simple yet powerful technique — DPC (Decreasing Precision
with layer Capacity), which directly assigns different bit-widths
to model layers, without the need for an exhaustive analysis of
the training process or any delicate low-precision criteria.
Thorough extensive experiments on five datasets and fourteen
models across various applications consistently demonstrate the
effectiveness of the proposed DPC technique in saving
computational cost (—16.21%——44.37%) while achieving
comparable or even superior accuracy (up to +0.68%, +0.21%
on average). Furthermore, we offer feature embedding
visualizations and conduct further analysis with experiments to
investigate the underlying mechanisms behind DPC’s
effectiveness, enhancing our understanding of low-precision
training. Our source code will be released upon paper
acceptance.

Keywords low precision, efficient training, generalization,
regularization, bit-width assignment

1 Introduction

The remarkable performance achieved by modern deep neural
networks (DNNs) relies on extensive training data and
parameters, leading to substantial computational costs in
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training. Simultaneously, recent advancements in DNNs have
spurred an increasing need for intelligent edge devices [1].
Many of these devices operate in dynamic real-world
environments, where constrained resources render it
impractical to bear the high training costs.

To address these challenges, low-precision training has
emerged as a practical approach, employing low precision for
both forward and backward propagation during DNN training
to optimize the training process, thereby saving on time,
memory, and energy costs [2,3]. Typically, the use of low
precision leads to significant quantization errors, which should
be minimized to maintain model performance. Thus,
researchers have explored various solutions to mitigate the
impact of quantization errors, such as adapted bit-width
assignment [4—12], data format design [13—16], and quantizer
optimization [3,17-23].

However, these approaches commonly regard low precision
as a source of noise to be minimized or an performance-
efficiency trade-off, without considering the potential benefits
of low-precision training. Consequently, minimizing the low-
precision noise during training requires complex analysis,
which introduces additional computational overhead.

Recent findings reveal an opportunity to use low precision
for simultaneously improving the efficiency and optimization
of DNN training. For example, existing works show that noise
can help DNN training theoretically or empirically, motivating
us to rethink the role of low precision in DNN training
[24,25]. Cyclic Precision Training (CPT) [26] adopts a
dynamic precision strategy during training process, which
simultaneously improves training efficiency and DNNs’
accuracy over state-of-the-art (SOTA) static low-precision
training techniques. However, while CPT temporally
schedules training precision, it does not investigate methods
for assigning varying bit-widths in the spatial dimension of
model layers. Meanwhile, random pruning with appropriate
layer-wise sparsity ratios may achieve higher test accuracy
[27-29]. However, pruning involves the sparsification of
parameters, whereas low precision can be understood as the
sparsification of data representation.
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Motivated by these studies, our work seeks to address the
question of how to leverage lower precision spatially to
achieve the win-win in both training efficiency and model
performance. We systematically investigate the potential
benefits of lowering precision. Specifically, low-precision
training can theoretically optimize the performance of DNNs
and can serve as a regularization technique in DNN training,
by constraining excessive variance within the model. We
consider the layer-wise low precision as an alternative
dimension of sparsity, orthogonal to pruning, which
contributes to improved DNNs generalization.

Based on these analyses, we propose Decreasing Precision
with layer Capacity (DPC), which determines the precision
bound automatically and varies the precision according to
layer capacity in a logarithmic schedule patterns. Surprisingly,
we find that even without explicitly pursuing the reduction of
errors associated with lower precision, low-precision training
also has the opportunity to optimize model performance,
thereby achieving a win-win for both DNN accuracy and
training efficiency.

Thorough experiments on five datasets and fourteen models
across various applications (including classification and
language modeling) illustrate the consistent effectiveness of
the proposed DPC technique in reducing training cost
(—16.21%—44.37%) while achieving comparable or even
superior accuracy (up to +0.68%, +0.21% on average).
Moreover, we offer feature embedding visualization and
further analysis to explore the underlying mechanisms of
DPC’s effectiveness, contributing to a better comprehension
of low-precision training. Overall, our research and findings
open up a new design knob for simultaneously improving the
optimization and efficiency of DNN training.

Our contribution can be summarized as below:

1. We systematically investigated the potential benefits of
low precision in training of DNNs: (i) theoretically
demonstrating the enhancement of model generalization
due to low precision; (ii) the regularization-like effects
imparted by low precision; and (iii) the correlation
between low precision and layer capacity.

2. We propose a simple yet powerful technique — DPC,
which directly assigns different bit-widths to model
layers based on layer capacity, without the need for an
exhaustive analysis of the training process or any
delicate low-precision criteria.

3. Experimental results validate the surprising effective-
ness of DPC, demonstrating improvements in both
efficiency (—16.21%——44.37% training cost) and
optimization performance (up to +0.68%, +0.21% on
average). The consistency of these results across
multiple trials underscores the method’s stability and
reliability.

4. Further experimental analysis validates the potential
benefits brought about by low precision during training,
which aligns with our perspective and aids in a deeper
understanding of low-precision training.

2 Related work

2.1 Sparsification in DNN

Quantization and pruning are two prominent strategies for
sparsification in DNN training, aimed at enhancing the
efficiency without significantly compromising accuracy.
Quantization involves the use of low-bit precision to represent
weights and activations, leading to a substantial reduction in
model size and facilitating faster computation at the cost of
some accuracy. To address this trade-off, recent studies have
explored specialized quantizers and post-training quantization
techniques to minimize inaccuracies [30-32]. An emerging
direction is mixed-precision quantization, which applies
different precision levels to various layers, striking a balance
between computational efficiency and model accuracy
[33-35]. Pruning, on the other hand, selectively removes
redundant or less significant connections within DNNs to
simplify the model. It shares similarities with low-precision
training in that both aim to optimize DNN performance
[27,36]. Additionally, many studies have provided
optimization ideas for sparsification in DNN  training.
Research suggests that the volume of information can be
reduced in a way that paradoxically improves model accuracy
[37,38]. Understanding the dynamics of DNN training,
including the role of noise and the sequential learning of
features [24,25,39], provides further insights into how low-
precision training might be optimized. These findings
collectively invite exploration into new paradigms for more
efficient and effective DNN training methodologies.

2.2 Low-precision training

2.2.1 Mitigating low-precision noise in training
Low-precision training, which employs low-bit quantization in
both the forward and backward propagation phases, is aimed
at enhancing the efficiency of the DNN training. However, the
introduction of low precision often brings with it low-
precision noise, which can affect the effectiveness of DNN
training. Therefore, a key issue is how to reduce the impact of
low-precision noise. Many studies [40—46] have analyzed the
impact of low precision on DNN training and have proposed
techniques to mitigate its negative effects, such as bit-width
assignment [4-9,11,12,47], data format design [10,13-16], or
quantizer optimization [3,17-23,48,49]. Moreover, to reduce
excessive memory consumption during training, various
compression techniques [50-52] have been employed to
significantly reduce the size of activations. However, the
attempts to minimize low-precision noise for different tasks
and models often require complex analysis and computation,
introducing additional computational overhead and lacking
universality, which makes rapid task transfer difficult. At the
same time, these methods focus primarily on minimizing
errors caused by low precision to better trade-off training
efficiency and performance. The potential benefits of low
precision are overlooked.

2.2.2 Low precision for optimized DNN training

In contrast to minimizing the low-precision noise in DNN
training, several studies have recently argued that low
precision can actually enhance DNN training. Yang et al. [2]
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have treated precision as a hyperparameter in training. Zhuang
et al. [53] have developed a method to train DNNs using both
low and high precision to learn from each other. However,
these methods require additional computational costs, which
can impact the efficiency of these methods. To our knowledge,
the most relevant work is CPT [26], which treats precision as
analogous to the learning rate in DNN training and has
demonstrated that employing variable bit widths during
training can aid in locating flatter minima, thereby enhancing
the model’s generalization. However, CPT focuses solely on
temporal precision optimization and does not account for
spatial precision considerations.

3 Methodology

In this section, we first introduce our rethinking of low-
precision training that motivates us to develop DPC by
analogy to regularization techniques and pruning in Section
3.1, and then present the DPC concept in Section 3.2 followed
by the precision bounds exploration in Section 3.3, which
aims to automate the precision schedule for DPC.

3.1 Rethinking of low-precision training

As mentioned in Section 2.2.1, the motivation for current
research focuses on mitigating the impact of low precision in
each training iteration. Paradoxically, some studies have
achieved superior results with lower precision, despite aiming
to align low-precision training with its high-precision
counterpart [4,14,41]. In extreme cases, optimized results can
even be attained through arbitrary use of low precision.
Although some works mention the benefits of low precision in
explaining their improvement, systematic research on the
benefits is still lacking. The potential benefits of low precision
may be underestimated. Considering that previous efforts to
minimize the impact of low-precision noise often required
complex analysis, we have attempted to focus directly on the
potential benefits of low precision in DNN training, aiming to
optimize the process without the need to deliberately minimize
low-precision noise.

3.1.1 Low precision may improve the performance

This subsection provides the perspective from statistical
learning to show that low precision may not hurt the
performance of the neural networks, and sometimes even
achieve improvement. Let us consider the problem for
minimizing a model w with small population risk R(w):

min R(w) := Bs.p£(W; ), (D

weRd
where & denotes the data, and D is the data distribution, and
£(w;¢) is the loss function satisfying the constraint
SUPyerd £ plIVEW I} <U. For simplicity, £(w;&) s
assumed to be convex with respect to w. Eq. (1) is an ideal
model, characterizing various tasks in the computer vision and
artificial intelligence community. Because the distribution D
is usually unknown or very complicated, people use the
empirical risk minimization (ERM) Rs(w) surrogate rather

Efficient deep neural network training via decreasing precision with layer capacity 3

than directly solving (1). Given an ii.d. sampling set
S :={&1,6,....é) ~ D, ERM is devoted to

1 n
min Rg (W) := - Z £(w;&)). 2)
i=1

weRd

The main workhorse for Eq. (2) is the stochastic gradient
descent (SGD). In [Theorem 5.2, [54]], it has been proved that
the generalization error of SGD is

3

2
R(WT)—minR=0(1+U ),

NT

where w is the output of SGD after T iterations. From Eq.
(3), we can find that the upper bound is related to U: a smaller
U indicates a better generalization ability. Recalling that U is
the upper bound of the norm of the gradients, that means
smaller gradients yield better generalization. It is noteworthy
that the gradient here is in the context of full precision
training, directly reflecting the change in weights used in
consecutive iterations. However, when in the context of low-
precision training, the gradients are further approximated.
Those tiny gradients which account for the majority are thus
neglected by approximation. Consequently, when employing
low-precision approximation, we use a gradient with smaller
norms to some extent 1.

Thus, our theoretical analysis indicates that employing low
precision not only augments the efficiency of DNN training
but also presents the opportunity to attain DNN models with
enhanced performance.

3.1.2 Low precision has a similar effect as regularization
DNNs used in practice are over-parametrized to the extent that
they can easily fit random labels to the data, but models with
increasing capacity will result in overfitting to the training
data [55,56]. Regularization is a commonly used method to
mitigate overfitting by reducing the variance of over-
parameterized model [57], as explained in Fig. 1(a). Similarly,
low precision also restricts the model’s representation.
Therefore, we hypothesize that low precision can be employed
to reduce the variance, serving as a form of regularization
technique in DNN training.

We verify this phenomenon through extensive experiments,
and take the ResNet-38 on CIFAR-10 as an example in
Fig. 1(b). We show the variances of layers trained with three
different precision configurations: The horizontal axis is the
abbreviations for layers, e.g., G1BICI1 represents the 1st conv
layer of the st block in the 1st group (the structural analysis
of models is given in Appendix 1); The vertical axis represents
the variance of layers (left, histogram), and the training bit-
width of layers (right, dashed line). The blue configuration is
the baseline where the entire model is trained using 8-bit,
while the orange and green ones use lower precision (4-bit) at
some different layers of the model. It can be seen that the
variance of layers trained with lower precision is notably
smaller than that of the baseline, indicating the regularization
effect achieved by utilizing lower precision.

D When training ResNet-38 on CIFAR-10 with 8-bit precision, at iteration 40000, approximately 73.5% of the gradients of layer 5 are neglected due to
quantization, and the quantized gradient norm subsequently decreased to 68.1% of its original value.



4 Front. Comput. Sci., 2025, 19(10): 1910355

0.16 9
—W/r 0.14 —_— . — — & ———e 18 =
Low var / {7 =
0.12 L E
N 16 E
——wolt 0 0.10 % 5 s
" o 7 ‘:
W High var g 0.08 . - - 148
| = 0.06 138
0.04 {28
0.02 11 £
0 0
GIBICI G1B2Cl1 G3BI1ClI G3B2C1
Layer
e Var. 1 s Var. 2 s Var. 3
X —e@ — Prec. 1 — @— Prec.2 — @ Prec.3
(a) (b)

Fig. 1 Low precision reduces the variance in training, similar to regularization. (a) Curve fitted with vs. without regularization (w/r vs. wo/r);
(b) variance (histograms) and training precision (dashed lines) of layers in ResNet-38 on CIFAR-10

Therefore, our experimental observations reveal that low
precision in DNN training exhibits similarities to
regularization, thereby suggesting the potential benefits in
enhancing test accuracy, even without deliberately minimizing
quantization error.

3.1.3 Low precision for large capacity layers can help DNN
generalization
The representational capacity of DNNs can be analyzed in two
dimensions: the amount of data and the precision of each data
representation [58]. DNN pruning in training, which can be
seen as sparsification of the number of data, is a widely used
technique to enhance DNN training [29,59]. Typically, the
probability of pruning is proportional to the layer capacity
[27,28,60]. Through pruning, DNNs can more effectively
acquire sparse knowledge [27], breaking free from local
minima [61], and thereby improving generalization [29].
Likewise, low precision can be considered as a means of
sparsification in the dimension of the precision of each data.
Thus, we hypothesize that low precision for large capacity
layers can help DNN generalization.

We use WideResNet-38 as an example to analyze how to
determine the relation between bit-width for layer and layer
capacity to enhance test accuracy. Figure2 shows four

Training process

different training setups based on the layer capacity. The all 8-
bit (blue) serves as our baseline, using 8-bit for the whole
model. The latter three setups assign low precision to both
activations and weights: fixed 6-bit (red) fixes the bit-width for
layers at 6-bit. 8 to 4-bit (green) assigns lower bit-widths to
higher capacity layers, while 4 fo 8-bit (purple) does the
opposite. Notably, as the first and last layers require very low
computation, the computational costs for the latter three setups
are similar.

It can be observed that only the final accuracy of 8§ to 4-bit
outperform the baseline, despite its lower accuracy compared
to other configurations in the initial stage of training.
Interestingly, pruning training also exhibits the power to
augment final accuracy with a lower test accuracy in the initial
stage [27]. These findings highlight the similarity between low
precision and pruning, and setting low precision in line with
pruning sparsity rates can enhance test accuracy.

To further verify the underlying mechanisms of this
improvement, we compare our 8-bit baseline (all 8-bit) with
decreases with layer capacity (8 to 4-bit). Figure 3 visualizes
the feature embedding of last conv layer in ResNet-110. As
expected, the clusters are mixed up together in the baseline
model with fixed precision. While decreasing precision with
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Fig.2 Test accuracy of WideResNet-38 on CIFAF-10 throughout the training process and the training bit-width for layers
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Fig.3 Feature embedding visualization for ResNet-110 using t-SNE on
CIFAR-10. (a) Same precision for each layer (8-bit); (b) decreasing precision
with layer capacity (8 to 4-bit)

layer capacity can split those clusters with more separable
representations (especially the gap between automobile and
deer & cat, gap between deer and frog & ship & cat),
indicating a lower generalization error over the fixed high-
precision baseline.

Thus, we discover that the bit-width selection for each layer
in low-precision training shares similarities with the setting of
pruning rates, suggesting that assigning higher sparsity (lower
bit-width) to layers with larger capacity could potentially
enhance the model’s generalization capability, thereby
achieving higher accuracy.

3.2 Introduction of DPC

The key concept of DPC draws inspiration from our
rethinking of low precision as well as recent findings [26] and
[29]: The former explores the benefits of low precision
temporally and advocates dynamic precision along the training
trajectory. The latter demonstrates the strong effectiveness of
sparse training in the dimension of parameter count along
DNN layers, and identify that appropriate layer-wise sparsity
ratios can be an important booster for training a randomly
pruned network from scratch. Hence, we have reason to
believe that we can leverage lower precision spatially to
achieve the win-win in both DNN accuracy and efficiency.
Here, we propose DPC, which allocates higher precision to the
layers with smaller capacity and lower precision to the layers
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with larger capacity. Specifically, as shown in Fig. 4, DPC
varies the precision across layers within predefined thresholds,
as opposed to imposing a static precision across the entire
model. This facilitates the application of varying degrees of
low-precision regularization to individual layers, thereby
potentially enhancing the model’s overall performance.

While DPC can be implemented using different layer-wise
scheduling methods, here we present as an example an
implementation of DPC in a logarithmic manner:

Bk = %(Bmax + Bmin)—
k

g(Bmax — Bmin) - logmax(]\]‘?/ﬂ’lvrlnvm)%J’ “)
where B is the DPC precision for layer k. Bpyin and Bpax are
the lower and upper precision bounds, respectively. [] denotes
the rounding operation. N* is the number of parameters of
layer k, N is the number of parameters of intermediate
capacity layer, Npin and Npax are the number of parameters of
the layer with the smallest capacity and the number of
parameters of the layer with the largest capacity, respectively.
0€[0,1] is a hyperparameter controlling the interval and
range of precision, as shown in Fig. 4. Specifically, Eq. (4)
outlines a way to allocate bit-widths for each layer. The bit-
widths B* assigned by Eq. (4) fall between Bpax and Bpiy.

And logma )ka €[-1,1] uses a logarithmic function

[ Nmax N
N’ Npin

to implement the control of the bit-width based on the relative
exponential/logarithmic relationship between the layer and the
intermediate capacity layer. When N* is equal to N, the bit-
width B* is exactly equal to the intermediate value, i.c.,
Bf = %(Bmax +Bmin). When NF is less than J, then
B* € [1(Bmax + Bmin), Bmax]. And when N* is more than A,
then B* € [Buin, %(Bmax + Bnin)]. 0 further controls the range
of bit-width B¥. When the value of § is smaller, the values of
B will be more concentrated, while when § is larger, the
upper and lower bounds of B* will be closer to Bmax and
Buin. We use precision bounds exploration to determine Bpax
and Bnin (see Section 3.3).

In summary, after obtaining the model to be trained, our
DPC method first employs precision bounds exploration
(Section 3.3) to determine the upper and lower bounds of the
training bit-width. Subsequently, based on the model layer
capacities, it assigns training bit-widths to different layers
according to the approach outlined in Eq. (4), resulting in the
DPC model ready for optimized training.

In Section 4.3, we further determine 6 € [0.5,1], and find
DPC is not sensitive to ¢ in this range. Additionally, we try to
use other scheduling functions to make the precision decrease
with layer capacity (i.e., not logarithmic schedule in Eq. (4)),
and find that the logarithmic function has better performance
and stability. We apply DPC to the weights and activations
while maintaining a fixed precision for errors and gradients,
the latter of which is to ensure the stability of the gradients
[23]. More discussion can be found in Section 4.3.
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Fig. 4 Decreasing Precision with layer Capacity (DPC), where DPC schedules the precision of weights and activations of layers

3.3 Precision bounds exploration of DPC

In addition to the concept of DPC, the question of how to
determine the range of the bit-width has not been addressed,
i.e., Bpin and Bpax in Eq. (4). We propose precision bounds
exploration to determine the upper and lower precision bounds
of our DPC. Since there are no constraints on the upper
precision bound, we use a viable training scheme as a fixed-
precision counterpart, setting its bit-width as the upper
precision bound, and DPC method further reduces the bit-
width used in training. The precision bounds exploration
employ a heuristic algorithm to quickly identify the lower
precision bound through the application of cosine similarity at
a negligible computational expense. The cosine similarity [10]
describe the consistency between pre- and post-low-precision
quantization (defined in Eq. (5), illustrated in Fig. 5(a), where
QO(-) denotes the quantization function and W represents the
weight).

cos(f) = l &)
ow)

This metric serves as an indicator of the degradation of
training performance, exhibiting a pronounced correlation
with the ultimate accuracy [41]. For instance, in Fig. 5(b), the
accuracy of the final test remains almost unchanged as long as
the cosine similarity is maintained at a high level. However,
when the cosine similarity begins to decline significantly, the
accuracy also tends to decrease correspondingly.

The exploration of precision bounds offers a simple method
with negligible computational overhead for selecting the
precision bound of DPC, as illustrated in Algorithm 1.

Figure 5(b) offers an intuitive explanation: specifically, we
first train the fixed-precision counterpart for a number of
iterations (fixed 8-bit, 640 iterations), then extract the weights
of the largest capacity layer for analysis (in our DPC method,
the largest capacity layer will be assigned the lowest bit-
width). Subsequently, we quantize the weights of the layer to a
lower bit-width, i.e., 7-bit, and calculate the cosine similarity,
which is 0.9998. We then gradually reduce the bit-width and
calculate the cosine similarity at each step until the value falls

Algorithm 1 Precision bounds exploration of DPC
1: Train model with fixed B-bit for first 0.5% it-
erations, B = B

2: Select the largest capacity layer’s weight: W
3: Repeat

4 B« B-1

5:  Quantize W to B-bit: Q(W)
6 cos(f) = %

7: Until cos(8) < 0.95

8 Bumn =B+1

Output: upper precision bound B , lower preci-

sion bound B,

below the threshold (set at 0.95 in our experiments, with a
cosine similarity of 0.9463 at 3-bit), indicating a noticeable
error due to the low bit-width. We thus take the last bit-width
above the threshold (i.e., 4-bit, with a cosine similarity of
0.9876 > 0.95 as shown in Fig. 5(b)) as the lower bound of bit-
width.

As mentioned above, we determined that the upper precision
bound of DPC is the bit-width of the fixed-precision
counterpart. We also find that DPC demonstrates efficacy
across a spectrum of precision ranges, with varying upper
bounds Bmax (Section 4.3).

4 Experiment

We present the experimental setup in Section 4.1, the overall
performance to demonstrate the superiority of DPC in Section
4.2, then comprehensive ablation studies of DPC in Section
4.3, and further analysis to understand the benefits derived
from DPC in Section 4.4.

4.1 Experiment setup

Models and datasets. We train ResNet [62] with varying
depths and widths and MobileNet-V2 [63,64] on CIFAR-
10/100 [65] and ImageNet [66]. For language modeling tasks,
we follow [67] for Transformer on WikiText-103 and [68] for
LSTM on PTB.
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Fig. 5 Determine lower precision bound with the help of cosine similarity. (a) Graphic illustration of cosine similarity; (b) illustrating the
exploration of precision bounds for ResNet-38 on CIFAR-10, where the lower precision bound can be set to the switching point

Training settings. Our experiments are based on CPT [26],
and on this foundation, our DPC assigns training bit-widths
for each layer, thereby training in the manner of DPC. We
follow the standard training setting in all the experiments.
Specifically, we follow SOTA settings in [69] for CIFAR-
10/100 and [62] for ImageNet, respectively. Our experimental
data are derived from four independent replications, with the
average performance of each method recorded. An analysis of
the variance and stability is presented in Section 4.3 and
Appendix 2. We choose to employ the GMMLOWP
quantization scheme, as detailed in Google’s open-source
repository, which aligns with the methodologies utilized in
CPT [26] and SBM [41]. The explanation of the quantizer is
given in Appendix 3.

Precision configurations and baselines. We describe
precision configurations in both spatial and temporal
dimensions (We use CPT [26] to schedule the training
precision in temporal dimension). Specifically, the precision
of spatial represents the bit-width interval we calculated using
the precision bounds exploration of DPC (method proposed in
Section 3.3) and Eq. (4) of DPC. For example, spatial § to 4/
temporal 0 donates that the precision ranges from 8-bit to 4-bit
as layer capacity increases, and during training, the precision
of each layer does not change temporally. And spatial 8 /
temporal 4 donates that the precision is fixed at 8-bit for each
layer, while during training, the precision can be reduced by
up to 4-bit circularly. In Section 4.2, temporal —50% donates
the precision of each layer can be cycled down to half the
precision of DPC temporally.

We apply our baselines on top of SBM [41], which are listed
as follows:

e SBM: The whole DNN is trained with fixed precision,
following the framework introduced in [41].

e Pruning: Random pruning techniques as described in
[29], based on pre-determined layer-wise sparsities
[27].

e CPT: The DNN is trained with dynamic precision,
following the method introduced in [26].

e RPC: Precision is randomly assigned regardless of layer
capacity.

e CPC: Precision remains constant as layer capacity
increases.

e [PC: Precision increments as layer capacity increases.

e DPC: Our proposed method, where precision decreases
as layer capacity increases.

e DPC+CPT: Precision for each layer is further cyclically
reduced according to CPT, on top of our DPC.

4.2 Overall performance

Result on CIFAR. Table | presents the experimental results
on CIFAR-10/100, and shows that: (1) Our DPC achieves a
win-win with both higher accuracy and lower training cost.
(2) Compared with other spacial low-precision methods with
similar training costs (i.e., RPC, CPC, IPC), DPC achieves
higher accuracy consistently, indicating its appropriateness for
regularizing DNN training. (3) DPC achieves higher accuracy
compared to pruning. In contrast to pruning, low precision
offers a gentler way to data representation rather than pruning
it directly. (4) In most cases, DPC outperforms the temporal
low-precision method CPT. Moreover, CPT requires the entire
model to use high precision during inference, whereas DPC
can use low precision layer-wise, reducing the memory
requirements for hardware, which is critical for deep learning
of edge devices. (5) We also test the method using lower
precision in both spatial and temporal, DPC+CPT further
improves the efficiency while surpassing the accuracy of the
8-bit baseline. This result suggests the potential of using low
precision in both spatial and temporal dimensions to enhance
DNN training. All the results presented above substantiate the
efficacy of DPC, achieving a win-win by enhancing accuracy
and reducing computational cost. These findings are also in
accordance with our rethinking of the role of low precision in
DNN training.

Feature embedding visualization: Figure 6 visualizes the
feature embedding of last conv layer in wideResNet-38. We
observe that with other methods, certain clusters tend to mix
together with relatively small gap. In contrast, DPC splits
clusters with wider spacing compared to other methods,
indicating DPC helps DNN generalization with more
separable feature representations. These results elucidate the
reasons behind DPC’s ability to enhance accuracy: DPC
optimizes the feature representation in DNN training, thereby
improving the generalization of the model.

Result on ImageNet. We are also interested in how far we
can go with DPC on ImageNet [66], a non-saturated dataset on
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Table 1 Test accuracy and computational costs when training ResNet-38/74/110, WideResNet-38 and MobileNet-V2 (a = 0.5/1) on CIFAR-10/100. « is the

width multiplier defined in [70]

Model Method Prec. (spatial/temporal) Acc on CIFAR-10/% Acc on CIFAR-100/% BitOPs-Sav/%
SBM 870 92.86 68.92 -
RPC random 40 8 / 0 92.59 (~0.27) 68.66 (~0.26) -
CPT 8/4 92.92 (+0.06) 69.62 (~0.30) 30.20
ReeNet 38 CPC 6/0 92.77 (~0.09) 68.80 (~0.12) 31.08
IPC 4108/0 92.62 (~0.24) 68.01 (~0.91) 30.11
Pruning 8/0 92.57 (~0.29) 68.55 (~0.37) 29.90
DPC 8104/0 92.90 (+0.04) 6923 (+0.32) 3053
DPC+CPT 8105/2 92.98 (+0.12) 70.51 (+1.59) 44.19
SBM 8/0 93.90 73.39 -
RPC random 4 t0 8/ 0 94.09 (+0.19) 73.39 (0.00) -
CPT 8/4 94.02 (+0.12) 73.40 (+0.01) 30.20
WResNeL38 CPC 6/0 94.06 (+0.16) 73.66 (+0.27) 3117
IPC 4108/0 93.91 (+0.01) 7323 (~0.16) 30.19
Pruning 8/0 94.06 (+0.17) 73.41 (+0.02) 29.90
DPC 8104/0 9438 (+0.48) 73.93 (+0.54) 3061
DPC+CPT 8105/2 9432 (+0.42) 74.06 (+0.67) 44.30
SBM 870 9339 70.67 -
CPT 8/4 93.67 (+0.28) 71.19 (+0.52) 30.20
CPC 6/0 9331 (~0.08) 71.16 (+0.49) 3117
ResNet-74 IPC 4108/0 92.97 (~0.42) 70.55 (~0.13) 29.98
Pruning 8/0 93.20 (0.19) 70.56 (0.11) 29.90
DPC 8104/0 93.65 (10.26) 7135 (+0.68) 30.72
DPC+CPT 8105/2 93.76 (+0.37) 72.05 (+1.38) 44.42
SBM 8/0 93.44 7152 =
CPT 8/4 93.55 (+0.11) 7173 (+0.21) 30.20
ResNet 110 CPC 6/0 93.38 (~0.06) 72.00 (+0.48) 31.20
IPC 4108/0 92.84 (~0.60) 7135 (-0.16) 29.94
DPC 8104/0 93.69 (+0.25) 72.16 (+0.64) 30.78
DPC+CPT 8105/2 9439 (+0.38) 75.46 (+0.88) 4453
SBM 870 92.83 72.07 -
CPT 8/4 92.80 (~0.03) 71.95 (-0.12) 2255
CPC 6/0 92.83 (0.00) 71.98 (-0.09) 2335
MN-V2 @ =05 IPC 5t08/0 92.66 (—0.17) 71.40 (—0.67) 20.96
DPC 8105/0 92.89 (+0.06) 71.76 (—0.31) 23.87
DPC+CPT 8106/2 93.02 (+0.19) 72.46 (+0.39) 34.04
SBM 8/0 93.93 75.10 =
CPT 8/4 93.93 (0.00) 74.82 (-0.28) 22.83
CPC 6/0 93.92 (-0.01) 75.17 (+0.07) 23.62
MN-V2a=1 IPC 5t08/0 93.80 (~0.13) 74.66 (~0.43) 21.19
DPC 8105/0 93.95 (+0.02) 75.43 (+0.33) 24.14
DPC+CPT 8106/2 93.92 (~0.01) 7531 (+0.21) 34.45
Airplane Airplane

* Automobile * Automobile

Airplane o Airplane

* Automobile © Automobile

(a (b)

(© (d)

Fig. 6 Feature embedding visualization for wideResNet-38 using t-SNE on CIFAR-10. (a) SBM; (b) CPT; (c) IPC; (d) DPC

which DNNs are less over-parameterized and are hard to be
compressed [29]. As shown in Table 2, all other methods trade
off efficiency with accuracy, whereas DPC achieves
comparable accuracy with higher efficiency, and sometimes

even achieves higher accuracy. DPC+CPT further improves
efficiency, but the excessively low precision leads to training
underfitting, resulting in lower accuracy compared to the 8-bit
baseline. Nevertheless, when compared to the SBM with
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Table 2 Test accuracy and computational costs for the ResNet-34/50 and
MobileNet-V2 on ImageNet

Model Method Prec. (spatial/temporal) ~ Acc/%  BitOPs-Sav/%
SBM 8/0 73.94 -
CPT 8/4 73.72 (—0.22) 29.77
CPC 6/0 73.76 (—0.18) 30.80
ResNet-34 IPC 5t08/0 73.71 (—0.23) 30.77
DPC 8t05/0 74.02 (+0.08) 30.30
SBM 6/0 72.82 43.85
DPC+CPT 8t05/2 73.56 (+0.74) 42.88
SBM 8/0 76.32 -
CPT 8/4 76.30 (—0.02) 29.18
CPC 6/0 76.26 (—0.06) 16.34
ResNet-50 IPC 5t08/0 76.14 (—0.18) 16.24
DPC 8t05/0 76.53 (+0.22) 23.19
SBM 6/0 75.91 35.33
DPC+CPT 8t05/2 76.25 (+0.34) 36.91
SBM 8/0 70.02 -
CPT 8/4 69.63 (—0.40) 22.17
IPC 5t08/0 69.50 (—0.52) 22.99
MN-V2@ =2 ppe 8t05/0 69.75 (-0.17)  22.32
SBM 6/0 68.01 33.65
DPC+CPT 8t06/2 68.43 (+0.33) 3241
similar training costs, DPC+CPT still exhibits higher

accuracy, indicating the potential improvement in training
with different precision in both spatial and temporal. The
results indicate that, despite the increased complexity on the
ImageNet, DPC is still capable of optimizing both accuracy
and computational training costs.

DPC on full-precision basis: We also evaluate DPC’s
performance when training based on full precision. As
presented in Table 3, DPC achieves a win-win in both
efficiency and accuracy in most cases, even on ImageNet.
DPC+CPT further improves efficiency by approximately half
while maintaining comparable test accuracy (higher than other
methods with similar efficiency). Compared with Table 2,
DPC achieves higher efficiency while maintaining comparable

Table 3 Test accuracy and computational costs on 32-bit based training on
ImageNet
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accuracy. The results demonstrate that DPC is equally
effective when applied to a full-precision foundation. And the
results is consistent with our insight that low-precision
behaves like de-redundancy: Full precision has stronger data
representation, there is more room for low-precision
optimization.

Result on WikiText-103 and PTB. Table 4 shows that
(1) DPC achieves a win-win in both efficiency and model
performance (perplexity, the lower the better), and
(2) language modeling models/tasks are more sensitive to
quantization, as it always adapts to a larger lower precision
bound (consistent with observations [26,71]), due to the layers
with similar capacities of natural language processing models.
The results indicate that, while the performance gains may not
be as pronounced in natural language processing models, DPC
still manages to bring about optimizations in training.

DPC on VGG and AlexNet. Both ResNet and MobileNet-V2
use a well-designed structure in their blocks, which proved to
have stronger representation capacity with similar amount of
parameters. In Table 5, we train AlexNet [72] and VGG [73]
on CIFAR-10/100 to observe the effect of DPC on DNNs
without special structural design. Table 5 reveals the following
insights: (1) Based on 8-bit, achieving higher accuracy with
DPC becomes challenging. This suggests that relative to
ResNet and MobileNet-V2, AlexNet and VGG-16 possess
comparatively limited representation capabilities, potentially
leading to some degree of underfitting with low precision.
(2) Based on 16-bit, DPC outperforms the baseline. The
increased precision at this level introduces a certain
redundancy in representation capacity, enabling DPC to
optimize effectively. (3) DPC remains effective in scenarios
involving the combined use of convolutional and fully
connected layers (in cases like AlexNet and VGG-16). The
observations presented above validate the efficacy of DPC

Table 4 Test accuracy and computational cost of (1) Transformer on
WikiText-103 and (2) 2-LSTM on PTB

Prec. (spatial/

Model/Dataset ~ Method temporal) Perplexity =~ BitOPs-Sav/%
Transformer SBM 8/8 31.81 -
WikiText-103 DPC 8t05/8  30.44 (—1.37) 23.84
SBM 8/8 97.11 -
ZLSTMPTB DPC 8t06/8  96.59 (-0.52) 16.21

Table 5 Test accuracy for training VGG-16 and AlexNet on CIFAR-10/100

Model Method Prec. (spatial/temporal) ~ Acc/%  BitOPs-Sav/%
Full prec. 32/0 70.64 -
CPT 32/24 70.67 (+0.03) 39.01
ResNet-18 DPC 32t08/0 70.68 (+0.04) 39.51
SBM 22/0 70.53 52.53
DPC+CPT 32t08/-50% 70.53 (0.00) 55.08
Full prec. 32/0 74.13 -
CPT 32/24 74.14 (+0.01) 39.01
ResNet-34 DPC 32t08/0 74.15 (+0.02) 43.24
SBM 22/0 73.99 52.53
DPC+CPT 32to8/-50% 74.08 (+0.09) 58.53
Full prec. 32/0 76.59 -
DPC 32t010/0 76.63 (+0.04) 44.37
ResNet-50 SBM 22/0 76.48 52.53
DPC+CPT 32t010/-50%  76.57 (+0.11) 59.82
Full prec. 32/0 70.51 -
~ DPC 32t012/0 70.51 (0.00) 37.68
MN-V2 @ =27 22/0 7033 5253
DPC+CPT 32t012/-50%  70.53 (+0.20) 51.49

Model Method Prec. cn?AC]g-%/% CIFﬁg— 200/%
SBM all 8-bit 85.81 59.07
IPC 4t08bit  85.52(-029)  57.96 (—1.09)

AlexNet DPC 8tod-bit 8596 (+0.15)  58.80 (-0.26)
SBM __ all 16-bit 86.21 59.74
DPC  16to4bit 8631 (+0.10)  59.89 (+0.15)
SBM all 8-bit 89.30 6233
IPC 4108-bit  88.37(-0.92)  60.77 (-1.56)

VGG-16 DPC 8tod-bit  89.23(-0.07)  62.14(~0.19)
SBM  all 16-bit 89.35 62.43
DPC  16to4-bit 8939 (+0.04)  62.60 (+0.17)
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across various types of layers, concurrently aligning with the
role of low precision in reducing redundancy.

4.3 Ablation studies of DPC

DPC with different precision ranges. We evaluate the
performance of DPC across a wide range of upper precision
bounds, which correspond to a different target efficiency.
Figure 7 illustrates the test accuracy, training cost, and
variance (size of circles) from four replicates. We can see that
(1) regardless of the upper precision bounds, when compared
to the fixed-precision counterpart, DPC consistently achieves
a win-win with both higher accuracy and lower training cost,
and (2) DPC even reduces accuracy variance, thereby aligning
more closely with the practical objective of efficient training.

DPC with different precision intervals. In Eq. (4), different
value of § correspond to distinct precision intervals. We
conduct experiments to evaluate the influence on training. As
shown in the Table 6, when ¢ is too small (i.e., 6 =0.2), the
precision for layers becomes indistinguishable, leading to
degradation of DPC performance. However, within a
reasonable interval range (6 €[0.5,1]), optimized accuracy
can be achieved. Therefore, we set 6 € [0.5,1].

DPC with different precision schedules. We evaluate DPC
using other precision schedule patterns in addition to the
logarithmic one, including a power schedule and a sine
schedule. We exclude the linear scheduling based on capacity,
as the capacities across layers often exhibit multiplicative
relationships. Here, we show several possible scheduling
patterns. We employ the ratio between layer capacities as a
variable for scheduling and explore a triangular schedule:

73
FW(14 to 6)/BW16
FW(10 to 6)/BW12

72 FW(7 to 5)/BWS
5
> [ ]
g ,
3 y FW16/BW16
= 70 FW(6to 4)/BW6 i FWI12/BW12
& FW8/BWS

69

‘ - FW6/BW6
68

7.8 8.0 8.2 8.4 8.6 8.8 9.0 9.2
Log (GBitOPs)
Fig. 7 Training ResNet-74 on CIFAR-100 with DPC and its fixed-precision
counterpart. FW/BW denotes precision for weights and activations/errors and
gradients, respectively

Table 6 DPC with different precision intervals and precision ranges for
ResNet/WResNet-38 on CIFAR-100

1
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In the power schedule, when a is larger than 1, the precision
for layers will change drastically, degrading the final
accuracy. Therefore, we set a to 0.5 for scheduling.

Table 7 shows that logarithmic outperform other schedule
patterns in terms of both accuracy and stability. Therefore, we
chose the logarithmic schedule for DPC.

We suspect that the logarithmic function performs better
because of the exponential-logarithmic relationship between
bit-width and representation capabilities of data. We leave
how to determine the optimal pattern for a given model and
task as a future work.

Q)

DPC on top of gradients and errors. We opt not to
implement DPC on gradients and errors, primarily due to two
considerations. Firstly, the instability associated with low-
precision gradients and errors, as reported in [23], may impede
the model’s convergence. Secondly, the precision
requirements for gradients and errors typically exceed those
for weights and activations, which suggests that the efficiency
gains from applying DPC to these components are marginal,
as indicated in [26].

To substantiate this decision, we present the outcomes of
experiments where DPC was applied to gradients and errors
alongside weights and activations. As depicted in Table 8, the
application of DPC to gradients and errors offers negligible
improvements in accuracy and efficiency when compared to a
fixed precision baseline. Consequently, we have chosen to
maintain a fixed precision for gradients and errors in all
subsequent experimental evaluations.

4.4 Further analysis of DPC

DPC alleviates overfitting during training. When the model
size reaches a certain threshold, the test accuracy does not
improve with the increased model size due to overfitting. As
shown in Table9, deploying a model with excessive
parameters leads to a reduction in test accuracy. Conversely,
DPC allows for scaling up the size of models while further
improving accuracy without overfitting.

Table 7 DPC with different layer-wise precision schedules for ResNet-

0 0;
Model Value of ¢ Prec. Acc/% Prec. Acc/% 38/74 and MobileNet-V2 on CIFAR-100

0.2 6106 68.80 8to 8 68.92

ResNet-38 0.5 7t05 6901 10to6  68.97 Schedul ResNet-38 ResNet-74 MobileNet-V2

chedule

1 8to4 69.23 12to 4 68.98 Acc/%  Var. Acc./%  Var. Acc./% Var.

0.2 6106 73.66 8to0 8 73.39 Logarithmic 69.01 0.23 71.61 0.22 75.64 0.15

WResNet-38 0.5 7to5 73.93 10to 6 74.33 Power 69.32 0.32 71.58 0.33 75.01 0.21

1 8to4 73.93 12to 4 74.21 Sine 68.89 0.28 71.21 0.38 74.54 0.58
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Table 8 Training ResNet-38 and WideResNet-38 on CIFAR-10 with DPC
on top of gradient (G) and error (E), where A and W represent activation and
weight, respectively

Prec. (W and A/G and E)

Model W and A Gand E Acc/%
Fixed 8 Fixed 8 92.86
Fixed 8 8to4 91.77
Fixed 8 10to 6 91.97
ResNet-38 Fixed 8 12108 92.84
8to4 8to4 91.80
4t08 4t08 90.92
Fixed 8 Fixed 8 93.90
Fixed 8 8to4 92.94
WResNet-38 Fixed 8 12to 8 93.82
8to4 8to4 92.87
4t08 4t08 91.04
Table 9 Test accuracy on CIFAR-10/100 without/with DPC
Acc without DPC/% Acc with DPC/%
Model CIFAR-10 CIFAR-100 CIFAR-10 CIFAR-100
ResNet-74 93.39 70.67 93.65 71.35
WResNet-74 94.01 (+) 74.58 (+) 94.14 (+) 74.78 (+)
WResNet-110 92.62 () 74.42 (-) 94.16 (+) 75.30 (+)

The primary factor contributing to low-precision
optimization. Recent findings shows the differences in
training between layers from different depths [74,75].
Therefore, it is important to determine whether the depth of
the layer or the layer capacity represents the main factor
influencing low-precision optimization. To answer this
question, we introduced UniformResNet for analysis. This
model adopts the same architecture as ResNet, with similar
overall computations, but with equal capacity for each layer
(details in Appendix 1). Here, we use CPD/IPD/DPD to
represent Constant/Increase/Decrease Precision with Depth,
respectively.

As shown in Table 10, CPD achieves better results, and
DPD is better than IPD. Thus, it seems that the depth of the
layer and the layer capacity jointly determine the matching
precision, and the latter is dominant. Meanwhile, the accuracy
of UniformResNet is far inferior to that of original ResNet
with similar computation, which shows the superiority of
pyramid architecture of original network [62,63]. Under the
reasonable structure, depth and capacity of layers are
consistent from the precision perspective.

Table 10 Test accuracy for UniformResNet on CIFAR-10/100
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DPC alleviates the vanishing gradients. We observe that
DPC alleviates the degradation caused by vanishing gradients.
Typically, the initial layers are challenging to train due to
small gradients [76]. In Fig. 8, we present the weight gradients
of layers from the initial shallow-depth group (e.g., BIC1: Ist
convolution in 1st block) of ResNet-38 trained under different
precision configurations. At epoch 100 (Fig. 8(a)), gradient
magnitudes of SBM, IPC and DPC exhibit minor
discrepancies, with gradients still not considerably diminished.
However, by epoch 150 (Fig.8(b)), the gradients have
substantially diminished, notably showcasing a marked
increase in the gradient of DPC in comparison to those of
SBM and IPC.

This phenomenon highlights the fact that DPC enables
shallow-depth layers to be adequately updated in the final
stage, thus mitigating the issue of vanishing gradients.

The underlying cause of this phenomenon can be explained
by the analysis in [19,52] (in Section 5).

5 Discussion

5.1 Scale of models

From all the experimental results, we observe that models with
larger scale (deeper/wider) are more friendly to low precision
(achieving higher accuracy with lower computational cost),
which shares similarities with recent finding in pruning [29].
On one hand, large models have more parameters, thereby
providing more opportunities to identify valuable features
using low-precision techniques. Conversely, models with
intensive  structure necessitate a more fine-grained
representation and more careful adjustment for each
parameter, rendering them more sensitive to changes in
precision. The conjecture is somewhat similar to lottery ticket
hypothesis proposed in [60]. On the other hand, the use of low
precision is also capable of suppressing interfering features,
thereby facilitating the learning of crucial features.

5.2 Formulation of low-precision training

Recent studies [19,52] investigate how does low-precision
quantization affect DNN training by analyzing gradients
variance. In [Eq. (7) in [52]], the gradient variance for
Quantization Aware Training (QAT) can be written as

Var[Vg] =Var[ Ve ]+

L
Z E [Var [Gg~m) (’V\H(’”)’ 6('">) me” . (8
m=I

CIFAR-10 CIFAR-100
Model Method Prec.
Acc/% Impro/% Acc/% Impro/%
ResNet38 SBM 8/0 92.86 - 68.92 -
SBM 8/0 90.83 (—2.03) 60.69 (-8.23)
. CPD 6/0 90.88 +0.05(~2.03) 60.82 +0.13(~8.23)
Uniform ResNet38 IPD 410 8/0 90.54 ~0.29(-2.03) 60.03 ~0.66(~8.23)
DPD 8 0 4/0 90.71 ~0.12(~2.03) 60.33 ~0.36(-8.23)
ResNet74 SBM 8/0 93.39 - 70.67 -
SBM 8§/0 91.84 (—1.55) 63.68 (-6.99)
. CPD 6/0 91.96 +0.12(~1.55 63.80 +0.12(~6.99
Uniform ResNet74 IPD 410 8/0 91.73 -0.1 1&—1 .55; 63.47 —0.212—6.99;
DPD 8 to 4/0 91.82 ~0.02(~1.55) 63.37 ~0.31(~6.99)
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Fig. 8 DPC alleviates the vanishing gradients. The weight gradients of three
shallow-depth layers of ResNet-38 trained with SBM, DPC, and IPC on
CIFAR-10, respectively. (a) Data distributions of weight gradients (epoch
100); (b) data distributions of weight gradients (epoch 150)

The first term in is just the full precision gradient variance,
and it accounts for the minibatch sampling. All the rest terms
account for the noise of utilizing compressed context.
Specifically, the term with Gg”’”’(-ﬁm) is the variance
introduced by utilizing the compressed context ¢m).

And the gradient variance for Fully Quantized Training
(FQT) can be written as [Eq. (7) in [19]]:

Var[Ve] =Var[Ve]+
L

Z E
=1

where the first term Var[/V\@] is the variance of the QAT
gradient. All the remaining variance terms come from gradient

)

l
> Varvec @@ oy [T ||
k=1

quantization, where each term Var [vec(Qb(’V\H(n))y(k’”|’V\H(1>]
is the variance imposed by the quantizer Qb(’V\H(z)) on layer /
to the gradient ’V\(a(k) on layer k. These formulations highlight
that the distribution of each layer is not solely determined by
its own; rather, the variance of each layer is also influenced by
the quantization of other layers. During training, the entire
model adjusts collectively to accommodate its low-precision
parts.

From our analysis of the model structure in Appendix 1, it
can be found that capacities of initial layers tend to be small.
Consequently, under our DPC, higher precision is employed in
these initial layers, while lower precision for deep layers.
According to Egs. (8) and (9), low precision introduces
additional variance, and the variance of the initial layer
compounds with the variance introduced by subsequent layers
employing low precision. In the final training stages, gradients
concentrate near zero [3,13]. Hence, augmenting variance
under such circumstances serves to increase gradients, thus
mitigating the issue of vanishing gradients.

6 Conclusion and future work

We systematically investigate the benefits of employing low-
precision in DNN training, which can be proven to (i)
optimize DNNs performance, serve as a form of (ii)
regularization and (iii) layer-wise de-redundancy. Building
upon these explorations, we introduce a simple yet powerful
technique — DPC. Extensive experiments validate that
comparable or even superior accuracy can be achieved even
without deliberately minimizing quantization errors. Our
technique and experimental results contribute to a deeper
understanding of low-precision training, offering a new
perspective for simultaneously optimizing efficiency and
model performance.

Our future works will focus on identifying more theoretical
grounds and further analyze low-precision methods across
both spatial and temporal dimensions. Additionally, Large-
scale Language Models (LLMs) demonstrate remarkable
capabilities but often require substantial training costs. Current
widely-used approaches focus on compressing the model Post-
Training Quantization (PTQ) [77], with limited application of
low-precision techniques during the pre-training phase.
Therefore, exploring how to integrate the perspectives
discussed in this paper with low-precision methods during the
training of LLMs to enhance efficiency and potentially
improve model performance is a promising research direction.
Considering the substantial cost associated with pre-training
LLMs, training LLMs directly with low precision is
challenging. Therefore, it may be beneficial to initially attempt
to optimize the fine-tuning of LLMs by combining PTQ with
fine-tuning [78], and further distinguishing the bit-widths of
different layers.
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exceeds the permitted use, you will need to obtain permission directly from
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Appendixes

Appendix 1 — The structural analysis of models

ResNet and MobileNet-V2. We utilize ResNet-34/50 and
MobileNet-V2 (@ = 1) on ImageNet as an example to analyze
the structure of our models in our experiment. As illustrated in
Table Al, it’s shown that with increasing depth, feature maps
consistently decrease in size. Additionally, apart from the first
and last layers, the convolutional kernel sizes expand,
becoming thicker and possessing more channels. This
phenomenon stands as a common trait within CNN
architectures [62,63,70,73,79]. This feature balances the
computation at different depths and is consistent with our
cognitive characteristics: Shallow layers have small receptive
fields and require large feature maps to represent overall
information, whereas deep layers have large receptive fields
and can use small feature maps to represent overall
information. Moreover, deep features are combinations of
shallow features, requiring more channels to represent. As
seen from Table A1, MobileNet-V2 has fewer channels than

Table A1 Structure of ResNet [62] and MobileNet-V2 [63] on ImageNet
ResNet-34/50

MobileNet-V2

Operator Channel Operator Channel Output
conv_7*7*3 64 conv_3%*3*3 32
InverseBottleNeck 24 112*112
InverseBottleNeck 24
pool
BasicBlock/BottleNeck 64 InverseBottleNeck 24 5656
BasicBlock/BottleNeck 64 InverseBottleNeck 24
BasicBlock/BottleNeck 64
BasicBlock/BottleNeck 128 InverseBottleNeck 32
BasicBlock/BottleNeck 128 InverseBottleNeck 32 28%38
BasicBlock/BottleNeck 128 InverseBottleNeck 32
BasicBlock/BottleNeck 128
BasicBlock/BottleNeck 256 InverseBottleNeck 64
BasicBlock/BottleNeck 256 InverseBottleNeck 64
BasicBlock/BottleNeck 256 InverseBottleNeck 64
BasicBlock/BottleNeck 256 InverseBottleNeck 64 14*14
BasicBlock/BottleNeck 256 InverseBottleNeck 96
BasicBlock/BottleNeck 256 InverseBottleNeck 96
InverseBottleNeck 96
BasicBlock/BottleNeck 512 InverseBottleNeck 160
BasicBlock/BottleNeck 512 InverseBottleNeck 160 747
BasicBlock/BottleNeck 512 InverseBottleNeck 160
BasicBlock/BottleNeck 512 InverseBottleNeck 320
pool conv_1*1*320 1280 1%1
fc 1000 fc 1000
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ResNet and is a “thinner” model.

Figure Al illustrates the structure of three different blocks.
BasicBlock and BottleNeck have similar numbers of
parameters, and BottleNeck has more layers. In contrast,
InverseBottleNeck is more intensive, splitting the large
convolution kernel into depth-wise convolution and point-wise
convolution. Especially for depth-wise convolution, only a
few parameters are used to complete the feature extraction,
requiring each parameter to be carefully adjusted. Thus,
MobileNet-V2 is more sensitive to the low-precision
quantization.

WideResNet and UniformResNet. To analyze the effects of
model scales, we use WideResNet, which doubles the channel,
and to analyze the effects of the number of parameters and
layer depth, we use uniformResNet, which has the same
number of channels in each group (similar computational cost
in total). The structural comparison of ResNet, WideResNet,
and UniformResNet on CIFAR is presented in Table A2.

Appendix 2 — The standard variations

Our experimental results on CIFAR are the average of 4
replicate experiments. Some of the standard variations are
shown in Table A3. It can be seen that fluctuations do exist in
the experimental results of all methods. However, despite
these fluctuations, our DPC achieves higher test accuracy in
most cases.

According to the analysis of sparse training, some
parameters are basically not modified once they are
established [61]. Therefore, low-precision training is
susceptible to randomness. We suspect more reasonable
updates at some key stages in training may reduce the
fluctuations, and we leave this as our future work.

Appendix 3 — Quantization methods
We choose to employ the GMMLOWP quantization scheme,
as detailed in Google’s open-source repository, which aligns

14*14*256 14*14*1024 14%14%64
JE— [1¥1¥1024%256]\ [ 1*1%64*384 |
l 3#3%256%256 3*1**3%4,
o
3*3*256*256 [1*1%256*1024] [ 1*1%384%96 |

Fig. A1 Three kinds of blocks (on 14*14 feature maps) for ImageNet. Left:
a BasicBlock for ResNet-34; Middle: a BottleNeck for ResNet-50; Right: a
InverseBottleNeck for MobileNet-V2

Table A2  Structural comparison of ResNet, WideResNet and uniformResNet on CIFAR

Number of channels

Group Operator Repeated times Output ResNet-38/74/110 WideResNet-38/74/110 UniformResNet-38/74/110
conv_3*3%3 1 32%32 16 32 20
Group 1 BasicBlock 6/12/18 3232 16 3 20
Group 2 BasicBlock 6/12/18 16%16 3 64 20
Group 3 BasicBlock 6/12/18 8*3 64 128 20
fo | 1%1 10 or 100 10 or 100 10 or 100
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Table A3 Standard variations of the results on CIFAR-10/100

Standard variations on (CIFAR-10,CIFAR-100)

Meth

ethod ResNet-38 WResNet-38 ResNet-110 MN-V2
SBM 0.11,024 0.12,0.17 0.19,0.27 0.13,0.30
RPC 0.20, 0.4 0.20, 0.35 - -
CPC 0.20,0.34 0.08, 0.30 0.14,0.29 0.13,0.14
IPC 0.23,0.25 0.11,0.24 0.44, 0.4 0.13,0.27
*DPC 0.19,0.32 0.07,0.25 0.07,0.33 0.11,0.19
CPT 0.19, 0.40 0.16,0.27 0.17,0.35 0.24,0.40
*DPCCPT 0.10, 0.36 0.12,0.14 034,043 034,043

with the methodologies utilized in CPT [26] and SBM [41].

For

a given input tensor X, clamping range [Vmin,Vmax], and

bit-width B, the output is formulated as follows:

The

Vmax ~ Vmin
scale = —————,
7B
zero — point = round(min(max(—vmin/scale,0), 28),

output = round(x/scale + zero — point).

clamping values are defined as the maximum and

minimum of the tensor.
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