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Introduction

Input _ Reconstructed
Image |5 Image
r |8 x
18, —==-===F-=-===—=m === N
ué I, v \I
™ || RGB-YCbCr Color YCbCr-RGB Color |1
!l Space Conversion Space Conversion ||
: Non-overlap Block , :
: Partitioning Blocks Merging :
|
: DCT Transform IDCT Transform I
1 |
: Uniform :
; Quantizer !
| Q |
1 |
N Jgs@) ;
JPEG Compression Pipeline given an underlying model fo
1.
2

Top-1 Accuracy

786— >l< % T T T
T TR T X e
X—
X‘\x\
X
—_ - - == E __*‘
> 8 74* \ -
— \
DNN § \* \\
. \
a by
o \
— \
70 r \\)
—X- Inception V3 \
—%- ResNet-50 V2 %e

68 ' J
ORG 100 90 8

0O 70 60 50 40 30 20 10

Quality Factor (QF)

Fig. Top 1 accuracy accuracy degradation phenomenon
for Inception V3 and ResNet-50 V2 in the case of the
“one QF vs. all images™ approach.
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Motivation
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(a) Image # 651, GT label: Brambling (b) Image # 37, GT label: Tailed Frog

Fig. The perspective of one image vs. all QFs—the ranks and probabilities of the GT label of an image across different
QFs: (a) Image # 651; and (b) Image # 37.
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Problem Formulation

In supervised learning, each z € X corresponds to a ground truth label y € ).
Let fy represent a DNN model with trainable weights 6, and let £ denote the
loss function used to train this DNN. In standard DL, the primary objective is
to solve the following minimization problem:

min E£(fo(x),9)] (1)

In contrast, JPEG-DL tries to improve the performance of DNN by jointly
training it with the JPEG operation. As a result, the formulation should be
instead:

min EIL(fo(T (53 Q)] )

However, in order to solve (2) with gradient descent, the key challenge is caused
by the non-differentiable quantization operation, which makes the gradients
w.r.t. @ almost zero everywhere. To address this issue, we will introduce
a differentiable soft quantizer (QQg) in the next slides, replacing the uniform
quantizer (@) used in 7.



Differentiable Soft Quantizer (1/2)

Denote the index set of uniform quantization as
A={-L,—-L+1,...,0,...,L—1,L}.

For convenience, A is also regarded as a vector of length 2L + 1. Multiplying A
with a quantization step size g, we get the corresponding reconstruction space

A

A=gx[-L,—~L+1,...,0,...,L—1,L]

Again, we will regard A as both a vector and a set.

To randomly quantize a DCT coefficient z to an element in fl, we invoke from
Yang et al. a trainable conditional probability mass function (CPMF) P,(:|z)
over the reconstruction space A or equivalently the index set A given z, where
a > 0 is a trainable parameter:

. e_a(z_iQ)2 .
Po(iqlz) = ZjeA e—a(z—jq)?’ Vi€ A. (3)
2L + 1 times
Extend z to a vector of length 2L + 1, i.e., [2]ap41 = [ %,...,2 ]. Then, the

CPMF P, (-|z), regarded as a vector of length 2L 4 1, can be easily computed
via the softmax operation o(-):

[Pa('|z)}2L+1:U<_O‘X ([Z]2L+1_A>2)' (4)



Ditterentiable Soft Quantizer (2/2)

. \2
e_a(Z_ZQ)

> e CGInT

P, (iq|z) = Vi e A. (3)

[Pa(-\z)}ZLJrl:U(—ax ([Z}2L+1_"Zl>2) (4)

With the CPMF P,(-|2), z is now quantized to each iq € A with probability
P,(iq|z). Note that as o — o0, P,(:|z) approaches an one-hot vector with
probability 1 at the nearest point to z in A and 0 elsewhere. Therefore, the
resulting random quantizer effectively functions as the deterministic uniform
quantizer Qu(z) = |2/q] - ¢

Based on the CPMF P,(-|z), we can now define a differentiable soft quantizer
(04 as the conditional expectation of 7q given z, i.e.,

=) Pa(iglz) (5)

€A

Qa(z) = Eliq|z]

Similarly, as a — 00, Q4 also goes to .. On the left, the figures show how the
shape of Q4 varies w.r.t a, given a fixed q.

— Qu(2),
Qu(2)




Overall Framework of JPEG-DL

min E[L(fo(T (2:Q)),y)] (2)

0,Q

Substituting @, in J, shown in (2), with 4, we get a differentiable JPEG layer
J parameterized by Q and o, where a = (ay,ac). ay = [aq, 0, ..., aM]
and ac = [apr41,an42,- .-, 2p] are « tables for the luminance and chromi-
nance channels respectively, used in conjunction with Qy and ()¢ to quantize
DCT coefficients. Following the proposed soft quantization, we obtain quan-
tized DCT coefficients 2 m.n = Qa(Zim.n; @m,m) for I = 1, and 2, =
Qa(Zt,m.mn; AM+m, AM+m) for I = 2,3, where Q4(z;q, o) denotes a differentiable
soft quantizer parameterized by a quantization step g and a scaling factor o

Overall, for an input image z, we have £ = J(x;Q,a). Therefore, we can
rewrite (2), the JPEG-DL formulation, as

min E[L(fo( (23 Q, @), y)], (6)

0,Q,

where the expectation can be approximated by the empirical mean over a mini-
batch in actual training. Thanks to the use of @4, (3) can now be solved by
gradient descent with ease.



JPEG-DL on CIFAR100 and ImageNet

Table 1: Top-1 validation accuracy (%) for Baseline and JPEG-DL on CIFAR-100. The Baseline results are
from Tian et al. (2020). For JPEG-DL, we report the mean and standard deviation of experimental results
over three runs.

Method | Res32 \ Res56 | Res110 | VGGS8 ] VGG13 | MobileNetV2 | ShuffleNetV2
Baseline 71.14 72.34 73.79 70.36 73.77 64.6 71.82
JPEG-DL | 71.92+031 (+0.78) | 73.39+019 (+1.05) | 74.46++0.11 (+0.67) | 71.10++041 (+0.74) | 75.32+0.10 (+1.55) | 65.91+0.11 (+1.31) | 73.04+0.16 (+1.22)

Table 3: Top-1 validation accuracy (%) on ImageNet with different model architectures.

Method | SqueezeNetV1.l1 | Resnetl8 | Resnet34
Baseline 57.95 69.75 5:31
JPEG-DL | 58.26 (+0.31) | 70.13 (+0.38) | 73.54 (+0.23)

With a trivial increase in complexity (adding 128 parameters), JPEG-DL achieves
a gain of 0.31% in top-1 accuracy for SqueezeNetV1.1 compared to the baseline
using a single round of (); quantization operation. By increasing the number
of quantization rounds to five, we observe an additional improvement of 0.20%,
leading to a total gain of 0.51% over the baseline. The best results are indi-
cated in bold, and values in parentheses indicate relative accuracy gains over
the baseline.



Comparison with more Baselines

Table 6: Top-1 validation accuracy (%) on various fine-grained image classification tasks and model archi-
tectures. We report the mean and standard deviation of experimental results over three runs.

Model | Method CUB-200 Dogs Flowers Pets
Baseline 54.00+1.43 63.71+032 57.13+1.28 70.37+0.84
ResNet-18 Ballé et al. (2016) 50.78+221 (-3.22) | 53.47+737 (-10.24) | 55.46+059 (-1.67) | 56.14+17.16 (-14.23)
Shin & Song (2017) 55.34+014 (+1.34) | 63.03+056 (-0.68) 55.78+1.44 (-1.35) 71.45+101 (+1.08)
Esser et al. (2019) 51.58+0.18 (-2.42) | 60.45+023 (-3.26) | 58.04+0s58 (+0.91) | 68.81+055 (-1.56)
JPEG-DL 58.81+012 (+4.81) | 65.57+037 (+1.86) | 68.76+057 (+11.63) | 74.84+066 (+4.47)
Baseline _ 57.70+0.44 66.61+0.17 51.32+0.57 70.26+0.79
DenseNet-121 Ballé et al. (2016) 52.00+141 (-5.70) | 60.07+641 (-6.54) | 46.60+287 (-4.72) 61.91+188 (-8.35)
Shin & Song (2017) 57.19+078 (-0.51) | 66.90+0.13 (+0.29) | 51.04+087 (-0.28) 69.95+121  (-0.31)
'Esser et al. (2019) 56.46+030 (-1.24) | 64.89+012 (-1.72) | 55.98+024 (+4.60) 69.58+059 (-0.68)
JPEG-DL 61.32+043 (+3.62) | 69.67+058 (+3.06) | 72.22+105 (+20.90) | 75.90+068 (+5.64)




Layer Replacement

Table 7: Top-1 validation accuracy (%) on various fine-grained image classification tasks and model archi-
tectures. We report the mean and standard deviation of experimental results over three runs.

Method | CUB-200 | Dogs | Flowers | Pets

JPEG-DL (Input Layer) 58.81+012 (+4.81) | 65.57+037 (+1.86) | 68.76+057 (+11.63) | 74.84+066 (+4.47)
JPEG-DL (1°* Conv Layer) | 59.27+004 (+5.27) | 65.33+007 (+1.62) | 72.10+146 (+14.97) | 76.11+037 (+5.74)

layer name | output size 18-layer | 34-layer | 50-layer | 101-layer l 152-layer
JPEG 1 > convl 112x112 Tx7, 64, stride 2
ayer 33 max pool, stride 2
[ 1x1,64 ] [ 1x1,64 ] [ 1x1,64 ]
ComyZexs | 0%20 [ ;:22 ]x2 [ ;:gz ]xB 3x3,64 |x3 3x3,64 |x3 3x3,64 |x3
» ’ | 1x1,256 | | 1x1,256 | | 1x1,256 |
: : : > [ 1x1,128 ] [ 1x1,128 ] [ 1x1,128 ]
conv3x | 28x28 gig 33 x2 g:g 32 x4 | | 3x3,128 | x4 3x3, 128 | x4 3x3,128 | x8
. ’ : L ’ : | 1x1,512 | | 1x1,512 | | 1x1,512 |
. - . : [ 1x1,256 ] 1x1,256 ] 1x1,256
convdx | 14x14 gxg igg x2 gxg igg x6 3x3,256 |x6 3x3,256 |x23 3x3,256 | x36
LEXBH S0 | LRESSNd ] 1501,1024, | 1x1,1024 | 1x1,1024 |
: - : : [ 1x1,512 ] 1x1,512 1x1,512
coovSx | 7x7 g:ggg x2 g:g;; «3 || 3x3.512 |x3| | 3x3,512 |x3 3x3,512 | x3
. : : . : : | 1x1,2048 | 1x1,2048 1x1,2048
1x1 average pool, 1000-d fc, softmax
FLOPs 1.8x10° | 3.6x10° | 3.8x10° | 7.6x10° | 11.3x10°

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for image recognition. In Proceedings of the IEEE conference on computer vision and

pattern recognition, pp. 770-778, 2016.
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Robustness
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Figure 3: Evaluate the adversarial robustness of JPEG-DL models in comparison to standard DNN on
VGG13 and Res56 for CIFAR-100 against FGSM and PGD attacks.
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