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Abstract

Neural network quantization is frequently used to optimize model size, latency and
power consumption for on-device deployment of neural networks. In many cases, a
target bit-width is set for an entire network, meaning every layer get quantized to the
same number of bits. However, for many networks some layers are significantly more
robust to quantization noise than others, leaving an important axis of improvement
unused. As many hardware solutions provide multiple different bit-width settings, mixed-
precision quantization has emerged as a promising solution to find a better performance-
efficiency trade-off than homogeneous quantization. However, most existing mixed
precision algorithms are rather difficult to use for practitioners as they require access
to the training data, have many hyper-parameters to tune or even depend on end-to-
end retraining of the entire model. In this work, we present a simple post-training
mixed precision algorithm that only requires a small unlabeled calibration dataset to
automatically select suitable bit-widths for each layer for desirable on-device performance.
Our algorithm requires no hyper-parameter tuning, is robust to data variation and takes
into account practical hardware deployment constraints making it a great candidate for
practical use. We experimentally validate our proposed method on several computer vision
tasks, natural language processing tasks and many different networks, and show that we
can find mixed precision networks that provide a better trade-off between accuracy and
efficiency than their homogeneous bit-width equivalents.

1 Introduction
Due to the ever increasing computational and memory cost of the networks, methods such
as quantization, pruning and efficient network design have gained considerable attention in
the literature to compress and facilitate deployment of these models on low computational
resource devices. In this paper, we focus specifically on quantization, where the parameters
and operations are kept and conducted in lower bit-widths than the 32 bit formats generally
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used for neural network training [16]. This process is not free, as quantizing parameters
and operations leads to noise being introduced in the network, which in turn can lead to a
degradation in performance of the network itself. The problem of quantization is thus to find
a network that runs faster in practice, while retaining as much of the accuracy lost due to the
introduction of quantization noise.

A common practice is to quantize all layers in a network to the same bit-width. However,
for many networks there is a distinct difference in sensitivity to quantization from layer to
layer. Mixed precision quantization aims at solving the quantization issue by keeping more
sensitive layers in higher precision while maintaining the rest of the network in lower bits,
effectively improving the performance-efficiency trade-off of the network.

Most approaches in this domain [5, 10, 28] start with a pretrained network, learn the
bit-width assignments and finetune the quantized network to get the final mixed precision
model. However, this process requires access to task training data and the resources to run
extensive training and hyperparameter tuning to get the final mixed precision model. These
methods also consider all weight layers and activations to be independent and search mixed
precision policies for a network without considering the constraints for on device deployment
making it a non-favorable choice for practical post-training scenarios.

In this work, we introduce a post-training quantization algorithm that sets the mixed-
precision bit-widths for real-world practical use-cases. It uses little data, works efficiently,
and takes into account practical hardware considerations. The end-result is a very practical
algorithm that is highly effective in practice.

2 Related Work

Many methods have been proposed in the model efficiency space to solve the problem of
neural network quantization [1, 6, 12, 14, 16], fixed precision or homogeneous quantization
uses same bit-widths for all layers in the network and can be categorized as post-training
quantization [1, 14] or quantization-aware-training based approaches [2, 6, 11, 17]. The
quantization-aware training methods train a network with simulated quantization in-the-loop,
to optimize them for quantized inference. The focus of this paper is post-training quantization,
where the network is optimized for quantization without any re-training, and with less data
and compute available.

Most mixed precision quantization methods belong to either search based or optimization
based approaches. Methods such as HAWQ [5], OMPQ [13] compute sensitivity metrics
based on layers’ hessian spectrum and orthogonality, respectively, to determine the bit-width
configurations. Instead, we choose to directly measure the sensitivity of each layer on a
network by evaluation, which is efficient, and is exact as it does not rely on estimates. Other
methods formulate mixed precision quantization as a optimization problem by tackling the
non-differentiability of bit-widths [10, 28]. Approaches like DNAS[27], HAQ [26] use
reinforcement learning and incorporate hardware feedback to solve this optimization problem.
On the other hand, work such as [18] use non-uniform quantization schemes to improve
representational capability for lower bit-widths, but implementing such schemes is often
not hardware friendly. Most of these approaches require quantization-aware-training to
achieve the mixed precision model which makes these methods compute heavy and also time
consuming. Our proposed work falls in the category of post-training quantization and search
based uniform quantization.
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3 Method

In this section we introduce our two-phase algorithm to solve the problem of mixed precision
quantization in the post-training quantization setting. In the first phase, we create a per-layer
sensitivity list by measuring the loss of the entire network with different quantization options
for each layer. This list gives an estimate of the impact of quantizing for a layer on the
network’s performance. The second phase of the algorithm starts with the entire network
quantized to the highest possible bit-width, after which based on the sensitivity list created in
phase 1, we iteratively flip the least sensitive quantizers to lower bit-width options untill the
performance budget is met or our accuracy requirement gets violated.

As discussed in the later sections, labels have no role in creating the per-layer sensitivity
list obtained in phase 1 of our method, making the algorithm agnostic to the category of
the data used for calibration. Also, due to the simple iterative nature of phase 2 of our
algorithm, our method seamlessly allows a user to pick either an on-device accuracy target
or a performance budget by incorporating practical hardware deployment constraints in the
search.

3.1 Preliminaries

In neural network quantization, real valued weight W r and activation tensors xr are quantized
to an appropriate low precision value. The quantization operation for a b-bit uniform quantizer
qb is defined as

Wint =Clip
(⌊W r

s

⌉
,n, p

)
(1)

W r ≈ qb(W r) = sWint (2)

where s denotes the quantization scale parameter and, n and p denote the negative and
positive integer thresholds for clipping. The same principle holds for per-channel scheme of
quantization [12], for which the scale factor s is a vector with each value representing scale of
each individual channel. For a more detailed coverage, please refer to [16].

3.2 Phase 1: Generating Sensitivity List

In order to perform mixed precision quantization on a pretrained neural network, it is important
to understand the effect of quantizing a layer on the network’s performance. The first phase of
our algorithm aims at creating such a per-layer sensitivity list. This list captures the relative
sensitivity of layers to quantization, without taking into account any correlations with other
layers for efficiency.

Next to the accuracy of the estimate of this list, for practical use-cases there are two more
important factors for the creation of this list; the run-time of the algorithm, and the amount
of data necessary to make a good estimate. In this section we propose to use the signal
to quantization noise ratio (SQNR) as a metric to measure the relative sensitivity of each
quantizer q when quantized to different bit-width options b ∈ B. For a converged pre-trained
network, quantizing the network introduces noise at the output which increases the network
loss and directly affects the logits and the task performance. Hence, in order to measure the
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sensitivity to quantization of each quantizer q in the network, we define,

Ω
SQNR
q,b = 10log

1
N

N

∑
i=1

E[Fθ (xi)
2]

E[e(xi)2]
, (3)

where Ω
SQNR
q,b is the average SQNR at the output of the network using N calibration data

points, and the quantization error

e(x) = Fθ (x)−Qq,b(Fθ (x)) (4)

where Fθ represents the full precision network and Qq,b(Fθ ) represents the quantized network
with the quantizer q set to bit-width b and rest of the layers and activations in full precision.

3.3 Phase 2: Finding Mixed Precision Configuration
Once we have the relative sensitivity of layers to quantization, the next challenge is to allocate
bit-widths to each layer in the network for the desired performance budget. To solve this
optimization problem in an efficient manner, we propose to use an iterative pareto frontier
based approach in the phase 2 of our algorithm to obtain a network with best performance-
efficiency trade-off meeting the performance criteria.

Phase 2 of our algorithm starts with the entire network quantized to a baseline highest
bit-width that gives the best task performance upon quantization. At each step, in-order to
minimize the loss we incur due to reducing the precision of a quantizer to a lower bit-width,
we use the sensitivity list to get the best candidate for minimizing this performance loss vs
efficiency gain trade-off. This pareto frontier based approach allows us to search for the most
efficient mixed precision configuration meeting the performance budget. The approach is
greedy, but works very well in practice.

We define two budget criteria relevant to on-device deployment of neural networks that
can be easily used with our mixed precision routine.

3.3.1 Efficiency based budget

Quantizing a network to lower bit-widths improves the latency and power consumption, hence
improving the overall efficiency of the model when deployed on-device. In-order to measure
efficiency of a mixed precision network independent of a specific target platform, we use Bit
Operations (BOPs) [23] as a surrogate measure. BOPs are defined as:

BOPS(φ) = ∑
opsi∈network

bits(φi)MAC(opi) (5)

where opi represents operations in the network, bits(φi) the bit-width associated with weights
and activations for operation opi and MAC(opi) represents the total of Multiply-Accumulate
(MAC) operations for operation opi. As discussed in [24], Bits Operations (BOPs) correlates
strongly with relative power consumption and hence a budget on BOPs can be used as a
criteria to obtain a desirable efficiency target.

3.3.2 Task Performance based budget

For practical use-cases, achieving certain task performance can be used as a criteria to obtain
a mixed precision network. A user can define the lowest performance of the network they
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would tolerate, and find the best bit-width setting to get the best on-device performance while
allowing no more than their maximal tolerated degradation in performance.

3.4 Quantizer Groups in networks

As described in the previous section, current methods in the mixed precision literature consider
all weight layers and activations to be independent. This is generally not the case in practice.
Not all options for quantizing operations in the network might be available. For example, a
device might have only implemented kernels for W4A8, 4 bit weights and 8 bit activations, and
W8A16, 8 bit weights and 16 bit activations. This creates a dependency for the specific kernels
that can be picked by the mixed-precision algorithm. In this example, 4 bit weights always
come with 8 bit activations, and 8 bit weights come with 16 bit activations and other solutions
are not valid. To incorporate these practical constraints in our algorithm, we introduce the
concept of a Quantizer Group which are groups of weights and activations connected through
shared operations in a computational graph. To ensure these shared operations in a group
are performed in a certain bit-width on-device, we constraint inputs to all the operation to be
quantized to the same precision.

Incorporating the concept of quantizer groups in the current search based mixed precision
[10, 28] and metric based mixed precision methods [5, 13] can be non-trivial due to the design
and computational complexity of the algorithms. Due to the iterative nature of our method, we
can easily incorporate this practical constraint in our algorithm by measuring the per-group
sensitivity and flipping the entire quantizer group instead of individual quantizers at each step
of our phase 2.

3.5 Improving post-training Mixed Precision for Low Bit Quantization
with AdaRound

For low bit (<8) quantization, it is very important to correctly capture the weight-activation
quantization trade-off to obtain an optimal mixed precision configuration. AdaRound [15], a
post-training quantization algorithm which learns better rounding for weight quantization, has
proven to be very effective in practice to improve low bit weight quantization performance of
neural networks. Hence, in-order to improve the performance of our mixed precision method,
we propose to integrate AdaRound into our algorithm.

To incorporate AdaRound, we propose to use AdaRounded weights to create the per-layer
sensitivity of layers in Phase 1 of our algorithm. This allows us to obtain a sensitivity list
with AdaRound and captures the correct trade-off between weight and activation quantization.
Due to the sequential and layer-wise optimization of the AdaRound algorithm, we can reuse
the AdaRounded weights from Phase 1 and stitch the per-layer rounded weights together for
each bit-width configuration we test in Phase 2. This allows to add AdaRound seamlessly
into our mixed precision algorithm with minimal compute overhead. We will show this is
very effective in improving the mixed precision network’s performance.

4 Experiments and Results
In this section we evaluate the performance of our method on various models in different
mixed precision settings. We start with defining our experimental setup by describing the
datasets and the networks used, compare our mixed precision results to fixed precision
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quantization results and finally discuss various ablations to understand the benefits of our
algorithm.

Datasets and Networks: For our experiments, we use the Imagenet-1K [19], Pascal VOC
dataset [7] and GLUE benchmark [25]. Due to post-training nature of the algorithm, no
training or fine-tuning is involved. Standard dataset based inference time augmentation
pre-processing is used on the images. We evaluate our algorithm on ResNet18, ResNet50
[8], Mobilenetv2 [20], Efficientnet-b0, Efficientnet-lite [22], Mobilenetv3 [9], Deeplabv3-
mobilenetv3 [3], BERT and ViT model [4]. For our experiments, we use Pytorch and AI
Model Efficiency Toolkit (AIMET) [21] to quantize the models to desired bit-widths and
use the per-channel weight quantization and symmetric and asymmetric schemes for weight
and activation tensors, respectively. We set the quantization range of each quantizer using an
MSE based criteria [16]. We do not fix pre-defined bit-widths for any layers or activations in
the mixed precision search space and report all mixed precision results in terms of relative
BOPs (r) with respect to fixed W8A16 representation for each model.

Model FP32 W8A8 PTQ MP W6A8 PTQ MP
(r=0.50) (r=0.50) (r=0.375) (r=0.375)

Resnet18 69.75% 69.56% 69.56% 69.27% 67.39%
Resnet50 76.13% 75.95% 75.95% 75.41% 74.98%
Mobilenetv2 71.87% 70.44% 70.68% 68.14% 67.38%
Mobilenetv3 74.04% 68.75% 71.65% 65.20% 66.70%
Efficientnet-lite 75.44% 75.13% 75.14% 73.43% 73.64%
Efficientnet-b0 77.67% 12.40% 74.28% 12.62% 61.30%
Deeplabv3-mobilenetv3 0.6887 0.5784 0.6700 0.5350 0.6690
BERT (MNLI) 84.40% 74.13% 82.97% 75.65% 82.22%
ViT 81.31% 18.83% 80.58% 16.37% 77.08%

Table 1: MP using W4A8, W8A8, W8A16 bit-width candidates. Comparison between fixed precision quantization and mixed
precision quantization.

4.1 Comparison to Fixed Precision Quantization
Some networks are very sensitive to quantization due to the presence of layers with large
activation ranges with outliers. These ranges are difficult to represent accurately in fixed
precision representation. For networks with this issue, mixed precision quantization can be
very useful to achieve a better performance-efficiency trade-off by representing problematic
layers in high precision while keeping rest of the network in lower bit-widths.

In Table 1 and 2, we summarize our PTQ mixed precision results using a practical bit-
width search space with frequently available bit-widths (W4A8, W8A8 and W8A16) for
on-device deployment. We notice that for problematic networks like Mobilenetv3, Deeplabv3,
Efficientnet, BERT and ViT, mixed precision quantization outperform its equivalent single
precision quantized networks by automatically finding problematic layers and keeping them
in higher bits to achieve better performance-efficiency trade-off. To understand better why
some networks benefit more from mixed precision than others, we visualize the per-layer
quantization sensitivity of all networks in Figure 1(c). Networks which have layers with out-
liers like BERT, ViT, Deeplabv3 and Mobilenetv3 exhibit a large SQNR range and have some
activations achieving very low SQNR values suggesting significant difference in sensitivity to

AIMET is a product of Qualcomm Innovation Center, Inc., available on GitHub at https://github.com/
quic/aimet
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Task FP32 W8A8 (r=0.5) PTQ MP (r=0.5)

RTE 68.23 49.82 67.14
MRPC 90.38 71.40 86.44
SST-2 92.43 85.78 91.39
STS-B 88.61 80.63 87.69
MNLI 84.40 74.13 82.97

Table 2: MPQ results using W4A8, W8A8, W8A16 bit-width candidates for BERT.
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Figure 1: Comparison between MP using W4A8, W8A8 bit-width candidates performed using out-of-task data (MS-COCO images)
and task-data (Imagenet images) for (a) Mobilenetv2 (b) Efficientnet-lite. Both scenarios achieve similar performance-efficiency
trade-off (c) Range of SQNR values for W8A8 quantizers in different networks. (d) Comparison between PTQ MP, AdaRound over
PTQ MP and Phase 12 integrated AdaRound PTQ MP.

quantization among layers in these networks. On the contrary, for networks like Resnet18
and Resnet50, we observe a much smaller range of higher SQNR values which explains why
mixed precision is less useful for such networks, as many layers have a similar quantization
sensitivity. We expect to see in our results that mixed precision works well for the former
group, and does not improve significantly on the second group.

Further, to demonstrate generality of our method to lower weight and activation bit-widths,
we perform mixed precision analysis on an expanded search space by including 4 and 6 bit
quantization for weight and activation tensors. The results are summarized in Table 3. Our
Mixed precision quantization routine is able to significantly improve accuracy of the networks
specially in lower BOPs models by rightly identifying sensitive layers and assigning higher
bit-widths to them.

4.2 Robustness to Calibration Data
Calibration data plays an important role in most post-training quantization algorithms to
estimate quantization range settings for activation feature maps of a network. At times, using
an under representative calibration set for PTQ methods can lead to sub-optimum performance,
making it challenging to adapt for practical use-cases where little or no task data is available.
In this section, we discuss robustness of our algorithm to variation in calibration data used for
performing mixed precision, highlighting the wide applicability of our method for real-world
scenarios.

4.2.1 Robustness to variation in images

In order to understand the advantage of using SQNR as a metric to capture per-layer quan-
tization sensitivity, we compare SQNR with other surrogate metrics. An alternate way of
capturing the quantization sensitivity of a layer is to measure the degradation in task perfor-
mance with respect to full precision network upon quantization of that layer. Such a surrogate
measure of the relative effect of quantization on different layers works well however it can
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Figure 2: Variation in pareto curves obtained for MP using W4A8, W8A8 bit-width candidates using different subsets of 256 Imagenet
images using (a) Accuracy (b) SQNR (c) FIT metric in Phase 1 to measure per-layer quantization sensitivity. Compression achieved
for obtained MP models is measured in terms of relative BOPs with respect to W8A8 model. (d) Kendall-Tau co-relation coefficient
(τ) of the sensitivity list obtained using accuracy, SQNR and FIT metric vs number of images in log scale.

Model FP32 W6A6 PTQ MP W4A8 PTQ MP
(r=0.281) (r=0.281) (r=0.25) (r=0.25)

Resnet18 69.75% 66.09% 65.14% 54.93% 63.14%
Resnet50 76.13% 70.54% 73.11% 66.82% 73.05%
Efficientnet-lite 75.44% 72.87% 74.17% 6.37% 73.49%
Mobilenetv2 71.87% 58.60% 64.97% 9.55% 61.81%
Mobilenetv3 74.04% 4.19% 42.57% 2.83% 28.67%

Table 3: MP using expanded search space: W4A4, W4A6, W6A4, W6A6, W8A6, W6A8, W8A8, W8A16 bit-width candidates.
Comparison between fixed precision quantization and mixed precision quantization for low bit-widths.

be computationally expensive due to multiple evaluations on the validation set. Also, the
accuracy of such a sensitivity list is affected by how well representative the validation set was
of the overall data distribution. To investigate this, we use 5 random subsets of 256 Imagenet
images to obtain the quantization sensitivity list using the accuracy and SQNR metric. As we
observe in Figure 2, the pareto curve obtained with accuracy metric drastically varies with
choice of the subset of images used to creating the sensitivity list. With the same experimental
settings, SQNR achieves a much smaller variation in the pareto curve obtained using different
subsets of data.

4.2.2 Robustness to numbers of images

Next, we study the effect of using more images on the accuracy of sensitivity list obtained in
Phase 1. To quantify the quality of the sensitivity list obtained using different of number of
images, we use the Kendall Tau correlation coefficient between the obtained sensitivity list and
the ground truth sensitivity list which we define as sensitivity list obtained using measuring
the accuracy degradation on the entire 50K Imagenet validation set as a surrogate measure.
Due to the biased nature of the accuracy metric in presence of less or unbalanced calibration
data, using accuracy measurements to capture relative sensitivity of layers to quantization can
be inaccurate, hence leading to sub-optimal sensitivity list. In similar settings, SQNR being a
softer metric, captures the relative sensitivity of layers to quantization better leading to higher
Kendall Tau score.

We also compare SQNR to a per layer FIT [29] metric which uses the Fisher information
as an efficient approximation to Hessian used by HAWQ [5] to measure relative sensitivity of
layers to quantization. In terms of Ktau score, SQNR performs at par with the FIT metric,
without the need of requiring labelled data and backpropagation, making SQNR a great choice
for post-training quantization use-cases.
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Model FP32 W8A8 AdaRound MP AdaRound W6A8 AdaRound MP AdaRound
(r=0.50) (r=0.50) (r=0.375) (r=0.375)

Resnet18 69.75% 69.54% 69.68% 69.53% 69.53%
Resnet50 76.13% 75.96% 75.96% 75.82% 75.91%
Efficientnet-lite 75.44% 75.34% 75.36% 75.23% 75.18%
Efficientnet-b0 77.67% 14.98% 76.55% 12.67% 69.78%
Mobilenetv2 71.87% 70.62% 70.98% 70.51% 70.56%
Mobilenetv3 74.04% 69.96% 72.83% 69.76% 71.40%
Deeplabv3-Mobilenetv3 0.6887 0.5865 0.6708 0.5827 0.6692

Table 4: Comparison between fixed precision AdaRound and MP AdaRounded models for W4A8, W6A8, W8A8, W8A16 search
space.

4.2.3 Robustness to out-of-domain data

In many practical use-cases, the user may have access to little or no task data due to privacy
reasons. As described in the previous sections, labels have no role during Phase 1 of our
algorithm. This opens up possibility to use similar task domain data to perform mixed
precision analysis in such scenario. To demonstrate this, we use 256 MS-COCO images
during both phases of our algorithm for quantization range setting and sensitivity list creation.
As summarized in Figure 1(a)-(b), even without any task data (Imagenet images) used, we find
the pareto curves obtained in phase 2 for Mobilenetv2 and Efficientnet lite are very similar to
pareto curve obtained using Imagenet images in similar experimental settings.

In conclusion, using SQNR to measure the sensitivity of layers to quantization shows
robustness to both variation and number of images in the calibration dataset, and also achieves
competitive performance with similar out-of-domain data, making it a reliable choice for a
hyper-parameter free mixed precision approach for practical use-cases.

4.3 AdaRound integrated Mixed Precision

As discussed in the previous section, the performance of low-bit quantization configurations
in mixed precision can be improved by integrating AdaRound in our mixed precision routine.
Integrating AdaRound in our method has no additional compute overhead other than perform-
ing AdaRound on the full precision network for each weight bit-width in the search space. To
show improvements with our enhancement method we summarize comparison between fixed
precision AdaRound with AdaRound integrated mixed precision in Table 4. Specially for low
bit-width (<8) quantization, our AdaRound integrated mixed precision performance not only
improves over fixed precision AdaRound but also outperforms its fixed precision equivalent
even for quantization friendly networks like the Resnet family where mixed precision was not
very helpful.

Further, to understand the advantage of interweaving AdaRound in both phases of our
mixed precision routine, we conduct ablation on a Mobilenetv2 network with W4A4, W4A6,
W6A4, W6A6, W8A6, W6A8, W8A8, W8A16 as our search space and compare the per-
formance of PTQ mixed precision, AdaRound over PTQ mixed precision and AdaRound
interweaved in both phases based mixed precision. As we can see in Figure 1(d), integrat-
ing AdaRound in both phases achieves the best performance-effiency trade-off specially
in lower BOPs region signifying the importance of correctly capturing the AdaRounded
weight-activation quantization trade-off for low bit activation quantization.
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5 Conclusions
In this work we introduced a post-training mixed precision quantization algorithm that sets the
mixed-precision bit-widths for practical use-cases. Our algorithm uses little data, requires no
hyper-parameter tuning, is robust to data variation, and takes practical hardware considerations
into account to automatically select suitable bit-widths for each layer to achieve desirable
on-device performance. We also discuss integration of our method with complimentary
post-training quantization algorithms such as AdaRound, and proposed enhancements to our
mixed precision configuration search routine to improve the performance and overall run-time
of our algorithm, respectively. We show that our post-training mixed precision algorithm
finds mixed precision configurations which have a significantly better task performance than
their static bit-width equivalents in post-training quantization setting for challenging networks
like Mobilenetv3, Deeplabv3, Efficientnet, BERT and ViT.
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