
Data-Augmented Quantization-Aware Knowledge
Distillation

Justin Kur, Jon Maravilla, Kaiqi Zhao
Computer Science and Engineering Department, Oakland University, Rochester, MI, USA

Email: {jakur, imaravilla, kaiqizhao}@oakland.edu

Abstract—Quantization-aware training (QAT) and Knowledge
Distillation (KD) are combined to achieve competitive performance
in creating low-bit deep learning models. Existing KD and QAT
works focus on improving the accuracy of quantized models
from the network output perspective by designing better KD loss
functions or optimizing QAT’s forward and backward propagation.
However, limited attention has been given to understanding the
impact of input transformations, such as data augmentation (DA).
The relationship between quantization-aware KD and DA remains
unexplored. In this paper, we address the question: how to select
a good DA in quantization-aware KD, especially for models
with low precision? We propose a novel metric which evaluates
DAs according to their capacity to maximize the Generalized
Contextual Mutual Information–the information not directly
related to an image’s labels–while also ensuring the predictions
for each class are close to the ground truth labels on average. The
proposed method automatically ranks and selects DAs, requiring
minimal training overhead, and it is compatible with any KD or
QAT algorithm. Extensive evaluations demonstrate that selecting
DA strategies using our metric significantly improves state-of-the-
art QAT and KD works across various model architectures and
datasets.

I. INTRODUCTION

Deep neural networks have shown outstanding performance
in many areas of computer vision [1], [2]. However, these
networks contain many millions of parameters and require
massive amounts of computation resources, which limits their
usability in resource-constrained systems and edge devices
[3]. Quantization is one of the important model compression
approaches to address this challenge by converting the full-
precision model weights or activations to lower precision. In
particular, Quantization-Aware Training (QAT) has achieved
promising performance by simulating the effects of quantiza-
tion during training and estimating the gradient through the
quantized functions on the backward pass [4]. Recent works
[5]–[8] show that the combination of QAT and knowledge
distillation (KD) can improve the performance of the quantized
models. However, the accuracy loss is often significant when
the models are quantized to low precision [6].

Most existing works on KD and QAT focus on improving
the accuracy of quantized models by refining KD loss functions
or optimizing QAT’s forward and backward propagation, with
limited attention to the role of input transformations. Wang et
al. explored the interplay between KD and data augmentation
(DA) [9]. However, their analysis primarily relies on a relatively
simple metric that predicts the relationship between DA and
model loss instead of accuracy, and it fails to effectively

estimate the quantized model’s accuracy (see Sec. IV-A for
details). Moreover, their study evaluates individual DA methods
in isolation, which is impractical for real-world applications
where augmentations are typically used in combination. The
relationship between quantization-aware KD and DA remains
underexplored.

In this work, we propose Data-Augmented Quantization-
Aware Knowledge Distillation, an automated method for
estimating the effectiveness of DA schemes for training low-
precision models. Specifically, we construct a data augmen-
tation ranking metric that maximizes Generalized Contextual
Mutual Information (GCMI), the information present in an
image that is not directly related to its underlying class labels,
while also minimizing the deviation between the average
predictions for a class and its ground truth label.

The proposed metric has several advantages. First, our metric
can be computed cheaply, requiring only two passes through
the training data, and no backward gradient computations or
modifications to the full precision teacher model. This allows
a large range of candidate DAs to be evaluated, and avoids a
costly grid search as would often be performed when treating
the augmentation choice as a hyperparameter. Second, because
the metric is computed using only the full precision teacher
model, it is inherently agnostic to the bit-width of the quantized
student model. Third, the metric is capable of evaluating
arbitrarily complex data augmentations. Because all that is
needed to evaluate a DA is the full precision model’s predictions
and the ground truth image labels, any image transformation
is admissible. For this work, we focus on well known DA
policies, meaning we can quickly evaluate their transferability
to new datasets in the context of QAT.

Our comprehensive evaluation shows that the proposed
method improves the-state-of-art (SOTA) KD and QAT bench-
marks under a variety of model architectures on CIFAR-10,
CIFAR-100, and Tiny-ImageNet. We evaluate 7 well-known
DA policies and find that the chosen DA with our metric
improves top-1 test accuracy of existing SOTA QAT methods,
e.g., EWGS, PACT, LSQ, and DoReFa, by up to 10% under
diverse quantization levels. Furthermore, our DA improves Top-
1 test accuracy across a variety of KD algorithms, improving
performance on some algorithms like CRD [10] by up to 3%
with identical training hyperparameters. We achieve superior
Top-1 test accuracy on multiple datasets compared to existing
approaches that integrate KD with QAT, including QKD [6],
SPEQ [7], and SQAKD [5].



Our main contributions can be summarized as: 1) We propose
a novel metric for predicting the relative performance of a
quantized model trained using DAs. Our proposed metric
outperforms existing baselines in DA search for KD, and
it is inexpensive to compute, so it can be effectively used
to reduce the search space of DAs. 2) We demonstrate
training using our selected DA outperforms existing SOTA
methods in QAT and QAT-aware KD. Our code is available at
https://github.com/Jakur/ijcnn26.

II. RELATED WORK

Knowledge Distillation (KD). KD transfers knowledge from
large networks (termed “teacher”) to improve the performance
of small networks (termed “student”). KD was originally
introduced by Hinton et al. [11] as an efficient method for
encoding the knowledge of an ensemble into a single model by
using the logits of the ensemble teacher as the target for the
student. CRD [10] and RKD [12] instead attempt to match the
structure of the representations at the last layer of the teacher
and student. Other methods try to match the representations at
the inner layers of the networks such as Attention Transfer (AT)
[13] and Neuron Selectivity Transfer (NST) [14]. Finally, there
are methods such as Decoupled Knowledge Distillation [15]
and Refined Logit Distillation (RLD) [16] which treat the true
label and other class predictions separately. In contrast to these
approaches, we do not seek to modify the underlying algorithms
of KD, but rather integrate KD into model quantization, so our
method is orthogonal to these works.
Quantization Aware Training. Network quantization can
be divided into two categories: post training quantization
(PTQ) and QAT. PTQ methods do not retrain or fine tune
the model, instead quantizing the weights directly to minimize
the degradation from the loss in precision. In contrast, in QAT
quantization is performed alongside the neural network training.
QAT is more expensive than post training quantization, but in
return it generally incurs a smaller penalty to model accuracy
[17]. In this work, we focus on improving the accuracy of
QAT-based methods.

Zhou et al. [18] introduce DoReFa-Net which expands upon
initial research on binary neural networks [19] [20]. Later
works introduce more learnable parameters for quantization,
including activation clipping parameters in PACT [21] and
LSQ [22], and parameters that control the interval between
quantization levels in EWGS [23] and QIL [24]. These QAT
methods have been shown to reduce the accuracy loss from
quantization, but the gap between the quantized and the full
precision models can still be large, especially when models
are quantized to less than 8 bits. Our work aims to improve
QAT model accuracy using KD and DAs.
Data Augmentation Search. Data augmentations are widely
used when training deep neural networks on vision tasks, but
automatically determining the best data augmentation for a
given dataset or model is challenging and often computationally
intensive. AutoAugment [25] uses reinforcement learning to
find sets of augmentations that perform well on CIFAR,
ImageNet, and SVHN. Fast AutoAugment [26] avoids the full

training process and instead performs density matching between
the augmented and unaugmented images. RandAugment [27]
reduces the search space of augmentations by applying any
augmentation from the set with uniform probability, and learns
a single strength value that applies to all data augmentations.
TrivialAugment [28] removes the search parameters altogether,
instead opting to uniformly sample an augmentation from its set,
and uniformly sample the strength with which the augmentation
should be applied. Nonetheless, it can improve performance
on standard models and datasets over augmentations with
thousands of GPU-hours of search. AugMix [29] searches
for augmentations to try to overcome dataset drift between the
training and test sets. Unlike these works, we do not focus on
building a new data augmentation policy from scratch, but we
do look to prune the search space of existing augmentations
without training the student model. Furthermore, we specifically
define our DA evaluation metric for the case of KD.

There is also a smaller body of work focusing on data
augmentations for KD. Wang et al. [30] provide a statistical
justification for using the DA that minimizes the variance of
the teacher’s predictions. Accordingly, we benchmark our DA
selection for quantization aware KD against this methodology,
and find that our method is superior for models quantized to
low bit precision, as shown in Sec. IV-A.
Knowledge Distillation in QAT. Recent works have integrated
KD into quantized model training, but the loss in accuracy at
low precision is still a significant limitation. QKD [6] proposes
a three phase curriculum where first the quantized model is
trained without KD, then the teacher and student learn together,
and finally normal KD between the student and teacher occurs.
SPEQ [7] uses a teacher whose activations are stochastically
quantized to different bit levels, treating the teacher as an
ensemble. CMT-KD [31] optimizes several quantized teachers
and students collaboratively, performing distillation at both
the logit level and in intermediate network layers. PTG [8]
progressively quantizes its models into lower bit precisions, and
concurrently trains the teacher alongside the student. SQAKD
[5] initializes a quantized student model to its teachers weights,
and performs self-supervised KD without using labels. These
approaches have combined KD and QAT, but they have not
considered the effects of DA at distillation time.

III. METHODOLOGY

A. Preliminaries: Quantization-Aware Training with Knowl-
edge Distillation

Neural network quantization reduces model size and com-
putational cost by representing weights and activations with
low-bit precision (e.g., 8-bit or 4-bit integers) instead of
32-bit floating-point numbers. Quantization-Aware Training
(QAT) has emerged as the leading approach for obtaining
high-accuracy quantized models [32], where quantization
operations are simulated during training to allow the model to
adapt to the reduced precision. However, QAT alone often
suffers from significant accuracy degradation, particularly
at aggressive quantization levels (e.g., 4-bit or lower). To
mitigate this performance loss, recent work has successfully



combined QAT with Knowledge Distillation (KD), where a
full-precision teacher model ft guides the training of the
low-precision student fs. In this KD-applied QAT frame-
work, the student is trained to minimize a combined loss:
Ltotal = (1−α) · LCE(y, fs(x))+α · LKD(ft(x), fs(x)), where
y denotes the ground truth label, α ∈ [0, 1] is a weighting
factor, LCE is the standard cross-entropy loss, and LKD is the
distillation loss that encourages the student’s output probability
distribution to match the teacher’s predictions.

A central challenge is quantifying the quality of knowledge
that a full-precision teacher can impart to the quantized student.
While validation accuracy serves as a natural metric for teacher
performance, recent work shows that the highest-accuracy
model does not necessarily make the best teacher [33]. This
observation motivates the development of heuristics specific
to knowledge distillation. Furthermore, the choice of data
augmentation can significantly impact the quality of transferred
knowledge. Different augmentations expose different aspects
of the teacher’s learned representations, but no principled
method exists for selecting augmentations that maximize
the informativeness of teacher predictions while maintaining
alignment with the original labels.

Problem Statement. Given a fixed full-precision teacher
model ft and a set of candidate data augmentations A =
{DA1, DA2, . . . , DAK}, how can we systematically select
the augmentation DA∗ that maximizes the knowledge transfer
to a quantized student during QAT? We approach this problem
by proposing a novel metric that expands upon prior work on
the theoretical basis of knowledge distillation.

B. Generalized Contextual Mutual Information for Teacher
Evaluation

We propose Generalized Contextual Mutual Information
(GCMI) as a metric to quantify the “dark knowledge” [11] that
a teacher can provide beyond simple label information. The
key insight is that an effective teacher should provide instance-
specific predictions that go beyond merely reproducing the
average characteristics of each class.

Definition. For a teacher model ft with output probabilities
Px for input x, we define GCMI as:

GCMIemp(DA) =
1

N

∑
xi∈D

KL(Pxi ∥ Qi
emp) (1)

where Qi
emp =

∑
j∈[C]

Pxij
· Zj

||Zj ||
, Zj =

∑
xk∈D

wjkPxk
(2)

where xi are samples from dataset D, Px is the teacher output
probabilities under data augmentation DA, Px = ft(DA(x)),
and wjk represents the label weight corresponding to class j for
image xk under the given augmentation. GCMI measures the
KL divergence between the teacher’s output probabilities Pxi

and the expected value of those probabilities Qi
emp given the

ground truth target wjk . Although Qi
emp will have converged

towards wjk during the teacher’s training, the subtle differences
in these two probability distributions constitute part of the

teacher’s “dark knowledge” about high level features shared
between differing classes.

Intuitive Interpretation. GCMI itself quantifies, on average,
how unique the predictions are for any augmented view of
an image. A teacher model that provides large GCMI targets
for its student presents knowledge beyond what was already
present in the ground truth labels.

Connection to Prior Work. The proposed GCMI generalizes
the Contextual Mutual Information (CMI) metric introduced by
Ye et al. [34] for single-label classification. CMI can be viewed
as a special case of our GCMI formulation where wjk ∈ {0, 1}.
CMI captures the aspects of one input image which are unique
relative to its ground truth class. Namely, CMI is defined as:
CMIemp(f) = 1

N

∑
y∈[C]

∑
xj∈Dy

KL(Pxj ∥ Qy), where
Qy = 1

|Dy|
∑

xj∈Dy
Pxj

, for y ∈ [C]. High CMI indicates that
on average the predictions for images of a given class have
high diversity.

There are two major limitations of existing CMI formulation
in the context of QAT-aware KD. Firstly, CMI can only work in
the case of single-label multiclass classification, which excludes
a broad class of augmentations such as CutMix [35] and MixUp
[36] that combine multiple images into one. For instance, in
CutMix, two images A and B are combined together and
the resulting ground truth of the training example is set to
y = λyA+(1−λ)yB [35], with λ determined by the proportion
of the training image originating from image A. When images
A and B correspond to different classes, their CMIemp would
be undefined, but their GCMIemp can still be calculated. The
second limitation is that in existing work CMI is exclusively
used as an auxiliary loss term when fine-tuning a teacher
model. This process is computationally expensive, especially
if a separate fine-tuned model is necessary for every DA under
consideration, and it causes a drop in the accuracy of the
teacher model [34]. Our proposed metric addresses both of
these limitations.

C. The GCMI-DEV Metric for Quantitatively Selecting Data
Augmentations in KD

Rather than fine-tuning a teacher model with GCMI incor-
porated into the loss term, we note that it is equivalent to hold
the teacher model fixed and instead modify the data to induce
predictions with higher GCMI values. Concretely, this can be
achieved by applying data augmentations to the underlying
dataset D at distillation time. In this way, we eliminate the
need for an additional model training procedure, and we avoid
the decline in teacher validation accuracy that results from
incorporating a secondary term into the loss function.

However, any metric which incorporates GCMI must also
include a factor that rewards the teacher model’s faithfulness
to the ground truth labels, because GCMI alone only considers
the diversity and not the accuracy of predictions. This can be
achieved by ensuring that the average prediction for any given
class should not deviate too much from its ground truth value
(a one hot encoding of the label). The average prediction for a
given class y is exactly the term Qy, so we can quantify the



Algorithm 1 Quantization-Aware Knowledge Distillation Data
Augmentation Selection

Input: Training dataset D = {(xi, yi)}Ni=1, candidate augmentations A,
classes C, full precision model fT

Let Dy = {xi : yi = y} denote samples of class y
Output: Selected Data Augmentation DA∗

1: for each DA ∈ A do
2: First pass: apply DA and compute class prototypes
3: Initialize Zj ← 0 for all j ∈ [C]
4: for each (xk, yk) ∈ D do
5: xaug

k , wk ← DA(xk, yk;D) ▷ wk ∈ ∆C−1: label weights
6: Pk ← fT (xaug

k )
7: for each class j ∈ [C] do
8: Zj ← Zj + wkj · Pk

9: end for
10: end for
11: Qy ← VectorNorm(Zy) ∀y ∈ [C] ▷

Zy

∥Zy∥
12: Second pass: compute GCMI and DEV
13: GCMI ← 0, DEV ← 0
14: for each (xi, yi) ∈ D do
15: xaug

i , wi ← DA(xi, yi;D)
16: Qi

emp ← VectorNorm
(∑

j∈[C] wij ·Qj
)

▷ Eq. (2)
17: GCMI ← GCMI +KL

(
fT (xaug

i ) ∥ Qi
emp

)
▷ Eq. (1)

18: end for
19: for each class y ∈ [C] do
20: DEV ← DEV +KL

(
1y ∥ Qy

)
▷ Eq. (3)

21: end for
22: DEV ← DEV/C, GCMI ← GCMI/N
23: end for
24: GCMI ← Normalize(GCMI), DEV ← Normalize(DEV )
25: M(DA)← GCMI −DEV ▷ Eq. (4)
26: DA∗ ← argmaxDA∈A M(DA)

difference in the following way using their centroid deviation
(DEV):

DEV (DA) =
1

C

∑
y∈[C]

KL(1y ∥ Qy) (3)

where 1y indicates the one-hot encoded vector corresponding
to class y. Our metric aims to maximize the information gain
from GCMI, while minimizing the relative entropy between
the average class logits and the ground truth labels. We first
normalize the GCMI and DEV according to the mean and
standard deviation observed across all DAs for a model and
dataset, then combine the two terms into the metric M(DA):

M(DA) = GCMInormal(DA)−DEVnormal(DA) (4)

After computing M(DA) for all DAs under consideration,
we select the DA with the highest M(DA) value. This
corresponds to the DA which we predict will induce high
GCMI predictions from the teacher model, without significantly
harming the accuracy of the predictions from the data distribu-
tion shift. Once a DA is selected, the full precision model will
be used as the teacher in the quantized model training. This
entire DA selection process is outlined in Algorithm 1.

IV. EVALUATION

Datasets and models. We evaluate our methodology across a
range of datasets and model architectures. CIFAR-10 [37] is
a standard computer vision benchmark consisting of 50,000
training images and 10,000 test images of size 32× 32 with

10 total classes. On CIFAR-10, we evaluate our performance
on VGG-8 and ResNet-20. CIFAR-100 [37] has the same
number of images and image characteristics as CIFAR-10, but
with 100 total classes. We train deeper models as compared
to CIFAR-10, using VGG-13 and ResNet-32 as representative
members of these two architectures. Finally, Tiny-ImageNet
[38] consists of a subset of 100,000 training images from the
ImageNet Large Scale Visual Recognition Challenge [39]. It
contains 200 classes, and downsamples the original images
to 64× 64. Tiny-ImageNet presents a more computationally
challenging task than CIFAR, while remaining smaller than the
full ImageNet-1K dataset. We utilize both the MobileNetV2
and ResNet-18 architectures to benchmark our performance
on Tiny-ImageNet.
Baselines. We compare our results against established baselines
in the following four categories:

• Quantization-aware Training (QAT): PACT [21],
DoReFa [18], LSQ [22], EWGS [23].

• Knowledge Distillation (KD): AT [13], CC [40], CRD
[10], NST [14], RKD [12], RLD [16], SP [41].

• KD + QAT: QKD [6], SPEQ [7], SQAKD [5].
• Data Augmentation (DA) Search in KD: Minimizing

the variance of the teacher’s predictions [30].

For QAT, we compare our accuracy results to those reported
from using QAT alone. For KD, we consider the quantized
accuracy resulting from our selected DA against the accuracy
using standard practice DAs. For KD + QAT, we compare
against cited results with identical model architectures and
datasets. Finally, for DA search we consider the quantized
accuracy for the highest scoring DA by each metric.
Data augmentation schemes. We focus primarily on data
augmentations found through automatic search, rather than
hand-crafted augmentations. Specifically, we investigate the
following DA policies: Auto Augment (AA) [25] which we
subdivide into its 3 main policies AA CIFAR, AA ImageNet,
and AA SVHN; RandAugment (Rand) [27]; Trivial Augment
(TA) [28]; AugMix [29]; CutMix [35]. Additionally, we study
Standard DA of random crop, random flip, and color jitter
for Tiny ImageNet only, which corresponds to the lightweight
DA used by existing works in QAT + KD [5].
Implementation details. Experiments are carried out on Python
3.11 using PyTorch 2.1 running on RTX 3000 series GPUs.
Full precision models on CIFAR are trained using the Standard
DA and CutMix. Full precision models on Tiny-ImageNet use
Standard DA alone.

All CIFAR experiments use the EWGS [23] quantizer with
the weight hyperparameters for labels and KD set to 1.0 and
2.0 respectively. For CIFAR-10, all models are trained with the
ADAM optimizer with a learning rate of 1e-3, with a cosine
learning rate decay, and a batch size of 256. EWGS has its
own separate optimizer, initialized with a learning rate of 1e-5.
The model’s weight decay is set to 1e-4 and models are trained
for 400 epochs on VGG-8, or 1200 epochs on ResNet-20 for
consistency with SQAKD [5]. For CIFAR-100 all learning
rates are halved, the batch size is 64, with 200 training epochs.



TABLE I: Top-1 test accuracy (%) averaged across 3 seeds for each method’s DA with the standard deviation reported across the 3 trials. The baseline method
selects the DA which minimizes the variance of teacher model predictions. The value in parentheses shows the difference relative to the oracle DA selection,
which uses hindsight to select the best performing model (scores closer to zero are better). “W∗A×” denotes that the weights and activations are quantized
into ∗bit and ×bit, respectively.

Dataset CIFAR-10 CIFAR-100 Tiny-ImageNet

Model VGG-8 W2A2 ResNet-20 W2A2 VGG-13 W3A3 ResNet-32 W4A4 MobileNetV2 W3A3 ResNet-18 W3A3

Baseline AA SVHN AA SVHN AA ImageNet AA ImageNet CutMix CutMix
92.24±0.03 (-0.60) 91.28±0.08 (-0.72) 76.54±0.15 (-1.24) 75.27±0.03 (-0.09) 52.36±0.27 (-3.68) 67.14±0.05 (-0.35)

Ours TrivialAugment RandAugment TrivialAugment AA ImageNet TrivialAugment TrivialAugment
92.64±0.14 (-0.19) 91.82±0.18 (-0.19) 77.77±0.27 (-0.00) 75.27±0.03 (-0.09) 55.28±0.11 (-0.87) 67.28±0.25 (-0.21)

On Tiny ImageNet, we quantize models using DoReFa,
PACT, and LSQ via MQBench [42], a commonly used
quantization library. Training uses SGD with an initial learning
rate of 4e-3, 2500 warmup steps, and cosine decay. Momentum
is set to 0.9 with weight decay 1e-4, batch size 64, and 100
training epochs. For ResNet-18, label and KD loss weights
are set to 1.0 and 2.0, respectively; for MobileNetV2, they are
increased to 3.0 and 6.0 while keeping the same ratio.

Edge device latency measurements are conducted on an
AMD Ryzen AI 7 350 processor in single-threaded configura-
tion. PyTorch’s benchmarking utility with blocked autorange
and a minimum runtime of 2 seconds is used to report a median
latency over multiple runs.

A. Improving DA Selection for KD-applied QAT

Tab. I shows our augmentation search results across CIFAR-
10, CIFAR-100 and Tiny-ImageNet, compared against the
existing baseline [30] which selects DAs according the variance
of the teacher model’s predicted probabilities. We show both
the DA method which is selected among the 8 possible
choices, and the true accuracy of the low precision model
when trained using QAT and KD. Accuracy is reported as an
average of 3 experimental runs to reduce the potential impact
of outliers. In the case of CIFAR-100 ResNet-32, both our
metric and the baseline select the same DA method, leading
to identical performance, but in all other cases our selected
DA outperforms the DA chosen by minimizing variance. The
largest difference comes from Tiny-ImageNet MobileNetV2
when TrivialAugment outperforms CutMix by over 2.9%, and
in CIFAR-100 VGG-13 when our chosen TrivialAugment
outperforms AutoAugment ImageNet by 1.24%. In practice,
the baseline approach selects a single DA for each dataset
regardless of the teacher’s model architecture. In contrast, our
metric will select different DAs within a dataset, which we
show to be particularly effective on CIFAR-100.

B. Improving SOTA KD-applied QAT

Results on CIFAR-10 and CIFAR-100. Tab. II shows that the
proposed DA selection strategy significantly improves the exist-
ing QAT method (EWGS) and the KD-applied QAT (SQAKD)
on CIFAR-10 and CIFAR-100, while also outperforming other
existing KD-applied QAT benchmarks. The proposed DA
selection strategy selects Trivial Augment on CIFAR-10 VGG-8
and CIFAR-100 VGG-13, RandAugment on CIFAR-10 ResNet-
20, and AA ImageNet on CIFAR-100 ResNet-32 (see Sec. IV-A

for details). The DA results in model improvements over EWGS
and SQAKD in all cases except ResNet-32 W2A2. This is
because the ResNet-32 model has relatively few parameters
compared to VGG-13, and quantization to only 2 bits results
in a model with insufficient capacity to generalize from the
augmented data samples to the test dataset. We can see that
the opposite occurs at the 4-bit quantization level, with the
chosen DA yielding improvements of 1.5% over EWGS alone
and 3.66% over SQAKD. This does appear to be part of a
wider trend of the DA helping the W4A4 models more than
the W2A2 models: the average improvement over SQAKD for
the W2A2 quantized models is 0.72%, whereas the average
for the W4A4 models is 2.78%.
Results on Tiny-ImageNet. Tab. III shows our performance
on Tiny-ImageNet using our selected DA of Trivial Augment.
In every case, our DA improves the results over using SQAKD
or QAT alone. The benefit is extremely large in cases such as
MobileNetV2 W4A4 where our DA improves top-1 accuracy
of baseline PACT by 10.49%. Similarly, in ResNet-18 PACT
W4A4, our DA improves over baseline SQAKD by 6.74%.
Aside from the large benchmark improvements, the Tiny-
ImageNet experiments are effective in showing that our selected
DA works across a broad spectrum of QAT algorithms.

C. Improving SOTA KD Methods

Although we have focused on using standard KD thus far,
Tab. IV demonstrates our method’s efficacy in QAT+KD using
other competitive KD algorithms. Our selected DA Trivial
Augment successfully outperforms the baseline of standard data
augmentations for all 8 evaluated methods. Each experiment
is run for 200 epochs, with the loss weight hyperparameters
set according to what is proposed in their original papers.
Unless otherwise marked, every method includes loss from
ground truth labels. Our DA selection has the largest impact on
CRD and RLD, improving their accuracies by 3.2% and 1.94%
respectively. Likewise, the NST, RKD, and SP algorithms are
all improved by over 1% accuracy through the usage of the
Trivial Augment. Interestingly, the smallest improvement is on
KD without labels. This is likely because the teacher model
is not explicitly trained under this DA, so the loss of labels
may be more impactful than in the standard QAT+KD scenario.
Nonetheless, the selected DA still improves the quantized
model’s performance, even if only by a small degree.



TABLE II: Top-1 test accuracy (%) on CIFAR-10 and CIFAR-100. “W∗A×” denotes that the weights and activations are quantized into ∗bit and ×bit,
respectively. Full-precision models’ accuracies are as follows: VGG-8 (92.91), ResNet-20 (94.00), VGG-13 (76.24), ResNet-32 (74.57). The results are
subdivided into methods that use QAT only, and methods that use QAT and KD. EWGS [23], QKD [6], SPEQ [7], and SQAKD [5] results are cited from their
original papers.

Dataset CIFAR-10 CIFAR-100

Model VGG-8 ResNet-20 VGG-13 ResNet-32

Bit-width W2A2 W4A4 W2A2 W4A4 W2A2 W4A4 W2A2 W4A4
EWGS 90.84 90.95 91.41 92.40 73.31 73.41 69.37 70.50
Ours (EWGS) 92.21 93.31 91.48 93.38 75.64 76.49 67.84 72.00

QKD - - 90.5 93.1 - - 66.4 73.3
SPEQ - - 91.4 - - - 69.1 -
SQAKD 91.55 91.31 91.80 92.59 74.65 74.67 69.99 71.65
Ours 92.66 93.66 92.33 94.39 76.59 77.97 69.27 75.31

TABLE III: Top-1 test accuracy (%) on Tiny ImageNet using MobileNetV2
and ResNet-18. QAT refers to quantization using QAT only, i.e. by PACT [21],
LSQ [22], or DoReFa [18]. Both results are as reported in the SQAKD paper
[5]. Our full-precision accuracies are: MobileNetV2 (58.64) and ResNet-18
(66.87)

QAT Ours (QAT) SQAKD Ours

MobileNetV2 PACT W3A3 47.77 50.32 52.73 55.28
MobileNetV2 PACT W4A4 50.33 60.82 57.14 60.72
MobileNetV2 DoReFa W8A8 56.26 61.53 58.13 62.1
ResNet-18 PACT W3A3 58.09 58.4 61.34 65.45
ResNet-18 LSQ W3A3 61.99 65.56 65.21 67.34
ResNet-18 PACT W4A4 61.06 65.67 61.47 68.21
ResNet-18 DoReFa W8A8 63.23 66.85 64.88 68.28

TABLE IV: Top-1 test accuracy (%) comparing our selected DA against the
standard baseline DA across different methods of knowledge distillation using
CIFAR-100 VGG-13 at W2A2. Full precision accuracy: 76.24%.

Standard DA Ours

AT [13] 75.49 75.84
CC [40] 73.51 73.96
CRD [10] 73.96 77.16
NST [14] 74.85 76.33
RKD [12] 74.05 75.25
RLD [16] 73.84 75.78
SP [41] 74.61 76.29
KD (no labels) 72.45 72.66

D. Empirical Performance of Quantized Models

Inference Latency. Fig. 1 presents measured speedups for 8-
bit quantization across all evaluated architectures. We observe
consistent improvements ranging from 2.5x for ResNet-20
on CIFAR-10 to 11.3x for ResNet-18 on TinyImageNet. The
larger models exhibit greater relative speedups, with VGG-13
achieving 9.2x and ResNet-18 achieving 11.3x. MobileNetV2
shows more modest gains of 3.8x as its architecture is already
optimized for efficiency. These results confirm that the effective
QAT our DA selection method enables directly leads to
substantial latency reductions.
Energy Consumption. Fig. 2 presents projected energy con-
sumption based on the Horowitz model [43]. INT8 quantization
reduces estimated energy by approximately 85% relative
to FP32. This reduction is driven by both cheaper integer
arithmetic, where an 8-bit multiply costs 0.2 pJ compared to
3.7 pJ for FP32, and reduced memory transfer costs. INT4
and INT2 show further reductions of approximately 93% and
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Fig. 1: Measured real world latency comparing full precision FP32 baselines
against models quantized to W8A8. The relative speedup of the quantized
model is listed above each bar.
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Fig. 2: Estimated model energy consumption at different quantization levels
across all surveyed model architectures. INT∗ represents W∗A∗ quantization.

97%, respectively. These projections represent theoretical lower
bounds; actual energy savings depend on hardware-accelerator
support and memory-hierarchy effects. Nevertheless, the consis-
tent pattern across architectures from the compact ResNet-20 to
the larger VGG-13 demonstrates that our quantization translates
to performance benefits that generalize across model families.

V. ABLATION STUDY

Data Augmentation Selection. In Sec. IV-A, we showcase the
performance of our DA selection metric using all 8 considered
DAs. But, it is natural to ask whether our approach breaks
down when the number of DAs being evaluated is relatively
small. To this end, we evaluate our selection metric on all
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Fig. 3: Average prediction error for each method’s selected DA against the
optimal DA selection, averaged across all possible subsets the set of DAs. The
models and datasets correspond to those included in Tab. I. T Img is used as
an abbreviation for Tiny-ImageNet.

non-trivial subsets of our 8 DAs that include the Standard
DA. As before, we benchmark against the variance minimizing
algorithm. Additionally, we compare against the randomized
DA selection criteria, which reports the average performance
of across all DAs except the Standard DA baseline. Fig. 3
displays the results of this DA selection ablation. In all cases,
our DA selection metric outperforms both the variance and
randomized DA baselines by a large margin. This both validates
the conclusion of Sec. IV-A, and demonstrates that our method
is not overly sensitive to the presence of specific DAs in its
performance.
Activation Heatmap Visualization. Fig. 4 shows the Layer-
Cam [44] heatmap superimposed on the image being classified.
This visualization highlights areas of relative focus from red
(low focus) to violet (high focus), using the activations in the
convolutional filters of the network, with each point further
scaled by its weight and gradient. The values across every
convolutional filter are averaged, yielding a single color for
each pixel. All three images are classified by models trained
using the same datasets, but we can see that the model trained
under our chosen DA (center) generates a heatmap that aligns
much more closely with the teacher’s (left). Although this is
only a single example, this demonstrates that models trained
to the same quantization level can exhibit vastly different
behaviors depending on the DA they were trained under.

(a) Teacher (b) Trivial Augment (c) Standard DA

Fig. 4: The LayerCam [44] heatmaps for the teacher network (a), the quantized
model with data augmentations (b), and the quantized model without data
augmentations (c). The color indicates the area of focus of the network, on a
scale of red (low focus) to violet (high focus).

Loss Terms. Tab. V shows our results with different hyper-

TABLE V: Top-1 test accuracy (%)
evaluated across hyperparameter set-
tings for loss terms. α represents
the weight applied to traditional KD
loss and γ indicates weight attached
to cross entropy loss from labels.
These experiments were performed
on CIFAR-100 using VGG-13 at
W2A2 quantization.

α = 0 α = 1 α = 2

γ = 0 - 73.27 73.73
γ = 1 73.68 73.74 74.67

TABLE VI: Top-1 test accuracy (%)
for quantized models under differ-
ent initialization schemes. “Teacher”
indicates the student is initialized
to the teacher’s parameters, “Ran-
dom” indicates standard randomized
model initialization. Both models
are quantized to W2A2.

Initialization Teacher Random

VGG-13 74.67 66.79
ResNet-32 70.62 65.43

parameter settings for loss terms trained under standard data
augmentations. Our loss is a weighted sum between the cross
entropy loss from labels (γ) and loss from KD (α)—in this
case, we focus on traditional KD for simplicity. The case of
γ = 1, α = 0 corresponds to QAT only without KD. We find
that this method is significantly worse than KD with QAT when
α = 2, matching the findings of previous work. In addition,
we can see that in all experiments the model benefits from
having labels available during training (γ ̸= 0), similar to our
findings in Sec. IV-C. Because we find the best configuration
is γ = 1, α = 2, we use this 1 : 2 ratio for all our models
trained using traditional KD.
Network Initialization. Tab. VI shows the effects of network
initialization for our QAT training. Because our teacher and
student models are identical aside from the quantization, we
can initialize the student’s weights to the weights found in the
teacher. We find that this initialization improves the resulting
model performance upwards of 5% compared to random
initialization, which is a unique benefit offered by the process
of self-supervised distillation.

VI. CONCLUSION

In this paper, we propose a new metric for ranking data
augmentations within the context of KD-assisted QAT. The
metric is cheap to compute, and it can greatly reduce the
search space for selecting a data augmentation. We establish the
effectiveness of the metric by evaluating over several popular
data augmentations, showing that our selected augmentation
performs well, and that it consistently outperforms benchmarks
set by existing works combining KD with QAT. We show the
flexibility of the approach by evaluating across a range of
model architectures, bit-widths, quantizers, and KD methods,
demonstrating the utility of guided DA search for KD in QAT.
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