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locality in machine learning applications such as image classification. — I 2 G G ; ; K ) Wr?.;/elet trans.forr;\stdelcorrll.[;ose data into spatio-temporal components nref) -1 . Quantum simulation was performed using Pennylane [4]. - Log Loss We performed binary classification
. . - : ] : : : o n while preserving data locality. n+(ng-f) —1— A : : :
. Preserving data locality allows CNN models to reduce the number of training SEEEE D e I ——— g f P J o y | | | | d ; ny i “ (O 1)? 5 . Classical optimization was performed using PyTorch [3]. - Accuracy with the following datasets at their
parameters, and hence their training time, while achieving high classification . " AT T § § : . Commonly used in image processing for dimension reduction. ;i) -1 i v f § E“ . Training Time original resolution (see below) and
: : : : : _ _ _ 4 (e (£ —0)) — :
accuracy. . We leverage the pyramidal variant of the Haar transform, the first and " f | : R . . . - : - x16).
Exist t hine learning (QML) methods don't effectively | -y | olest dg t & ot transf ’ ' = ; ks . Multi-Dimensional Quantum Convolutional Classifiers (MQCCs) - Testing Time senisEl S b (UEE)
. Existing quantum machine learnin methods don’t effectively leverage e : o : :
g quar a | g (QML) y g simplest discrete wavelet transform : 5 : ; 3 stad with kermal sive of 2 and unity strid  Number of Parameters . MNIST [2]: (28%28).
data Iocallty in multidimensional features. ' . S : : : The quantum equiva|ent of the classical Haar transform. the quantum n+nfs— 1 — = 5 g — - lested wi ernel size o and unity strige. i . . i
ot oot - oh facilitates: | ] Ul ] U S 1 - . ’ | .- 3 T : Experiments included both MQCC and the width-optimized MQCC . Circuit Depth (quantum only) - FashionMNIST [10]: (28x28).
. We propose a variational quantum classification technique which facilitates: | e . . hift | ; e Haar transf QHT) d litude- ded data into low- ' = 4 O - EXP P :
| P f aar transform ( ) decomposes amplitude-encoded data into low - a T Gate Count t | CIFAR-10 [9]: (32x32x3)
- : : : : : ; F ol ' ; w0y . . T I - R ------- 3 - . . - : :
. Multidimensional quantum convolution while preserving data locality. 2 - - : and high-frequency components. E = . Convolutional Neural Network (CNN) [8] ate Count (quantum only)
. Quantum pooling based on quantum Haar transform (QHT). _ _ _ _ _ 0 — = = | . Kernel size, stride, circular padding, and feature count from MQCC.
. We experimentally demonstrate the advantage of our method in comparison to 1) ) [3) 44) ¥5) - o - Multi-level Multidimensional . Max pooling was used instead of average pooling. Hardware Specifications NI ) e
eX|st.|n.g cIasIS|CaI and quantum techniques for image cIassnfmahop In staple _ _ _ pay i Quantum Haar Transform High-level Overview of MQCC Structure . Quanvolutional Neural Networks [5] o
multidimensional datasets using state-of-the-art quantum simulations. 1-D Quantum Convolution Circuit d—2 : Circuit (No Rearrangement) _ _ _ _ _ _ . Intel Xeon Gold 6342 CPU . Optimizer: Adam
nj+ ¢ _ _ o _ . . Replaced first convolution / pooling layer in CNN with quanvolution layer .
pary - . Applying Hadamard gates to . Like a classical CNN, the multidimensional quantum convolutional Using stride=2 . 48 Cores . Loss Function: Log
d—1 :
The general convolution operation can be broken down into the - _sianifi i classifier (MQCC) has ¢ layers and a fully-connected layer. . . Base frequenc 2.8GHz . Learning Rate: 0.001
Background - 2 ot + : > nité-1—— H — the least-significant qubits ( ) Y i y . Quantum Convolutional Neural Network (QCNN) [1, 6] quency @ TN |
ellieritinie] siziolle tefpiseleit: & : representing a particular . e . . . 3x NVIDIAA100 80GB GPUs . Training Batch Size: 8
d—2 : dimension of data performs Ulayer, ] et sl . Original implementation didn’t encode states correctly when dimensions | |
Fundamentals of Quantum Computing Shift: j=0 " — " - QHT decomposition of n+ (ng-(£—14) —1 = . ai S maI ’? o ralr’:'a ) were not powers of 2. | 20058 DDA RAN @ S2ie + Tosting Baieh Size: 1090
» ITt: ; = = ; z BT GeOLRILEIN ©pEEILOl. Tested with original data encoding and corrected data encodin . PCle 4.0 connectivity Epoch: 1
. Quantum computers leverage superposition and entanglement of . . . . . n— 1 B components. , > g { i . lested with original data encoding and corrected data encoding.
. . . . Generates shifted (unity strided) replicas of the input data " nt (g (f—i—1))—1- T - and a quantum pooling
quantum states for advantage over classical computers in certain j=0 : " - - : :
" e . | | . One level of decomposition for , 3 operation.
workloads. . Uses additional *filter” qubits and controlled quantum decrementors = . e (A ] 2
o . 2 mit each Hadamard gate per f ; : T . Note that RoR permutations Results and Analysis
. Near-term n0|§y-|ntermedmte-scale—qgantum (NISQ) hardware | UL - UL - Quantum » . dimension. n—ng(i—1)—1—— & are shown in the figure for
e O D Ny » g . .
SeEEBeTEs Sille! d_eCOherence CC_)nStramtS UANEIE EURITILTD SIEUES (ol m—2 P——— S DR () L ;RJ el H — . Each level of decomposition n— (nj-1) visual clarity, but do not actually Accuracy Binary classification of MNIST dataset Binary classification of MNIST dataset
dOWﬂ after a Cel’taln amount Of t|me m—3 : @ R @ el . k—1 , - i reduces the S|Ze Of the . (nfz) 9 - § ) Contrlbute tO CIrCUIt depth Method MNIST FashionMNIST CIFAR-10 0.80 with resolution of (16x16) pixels 260 - with resolution of (28x%28) pixels
: _ : : 5 T U SR R = = = ni —— H : : : ; S _ 16x16 28x28 16x16 28x28 16x16x3 32x32x3 :
* Representatlon of ann quIt quantum statevector: ’ . O _____ . O UShlft H shift j_zg ! . -J Correspondlng dimension by a % % . Fu”y connected |ayer IS A CNN [8] 94.62% + 14.39% | 99.42% t 0.3% | 77.16% + 23.39% | 82.11% % 222% | 72.69% + 8.36% | 75.02% + 9.08% 0-70 7 0-70 !
on _q (1) ~ T .11 1 - ~ 1 | . 1=0 : '_\ factor of 2. o (ir1) — % @ pyramidal cascade of Quanvolution [5] | 99.47% + 0.13% | 99.67% + 0.12% | 91.26% + 14.53% | 91.51% + 14.63% | 78.33% + 1.96% | 77.14% + 9.79% 060 + 060 |
D U U — : L
- - . _ J no — 1 | O — _ _ _ QCNN [1,6] o s 0gro | 9922% * 0.45% o s 0779, | B433% * 1020% o & 3250 o s 763% I I
on__ 1 Co <w|¢> - Z |C' |2 — 1 i : n—-1—x— n—1 A ."é multlplexed rotation (Ry) rotation QCNN (Corrected) R ey B iy I e e @ 090 ; @ 0901
B N . L : P S n_? © a gates that condense quantum MQCC 89.61% + 0.63% Out of VRAM 86.06% + 0.98% Out of VRAM 55.13% + 3.77% Out of VRAM % 0.40 ¢ T cetion 5 E’ 0.40 T caition s
‘¢> . &7 ’7/> - . 1=0 Mul | d | ( a¥ state to a Single CIUbIt like MQCC (Optimized) | 99.18% = 0.63% 97% + 2.02% 93.21% + 0.98% | 94.15% + 1.21% | 58.49% * 3.77% 58.73% + 4.7% S s | ——QCNN[1,6] S 0.30 } —ZCNN:"‘“ )
. ultiply-and-accumulate: n-3 ——  n-3 > i — I e optm | oo ontmin
1=0 — no o : _ _ — : . —— MQCC (Optimized) ; MQCC (Optimized)
Con _ C; : : : - : - — i S 0 —— ooling lavers in QCNN [1]. Training Time (seconds) 0.20 i 020
| Con_q_ - C . Filter operation is applied to all data replicas < F0| (-1 —— H{ _ | P g lay [1] Vethod T e CIFARAO ol WWW 010 | MWWNM J k ’ “ il
, In parallel. i | L L Struct 16x16 28x28 16x16 28x28 16x16x3 32x32x3 | Ll 'JW‘ WUU FW'
. Quantum operations act on quantum states and can be represented as A ¢ N on sy e UF . : : . : o | , y ayer Structure - . — y—— — — 0.00 Pt S L A A
: : ‘ ” e FOr THters O — erms, titer Is . — 1 | onTE Iteration Iteration
unltar matrlces Or uantum ates ) f ’ . _J Quanvolution' [5] 33.817 = 0.659 34.858 + 1.131 30.77 £ 2.722 33.783 £ 2.598 30.644 + 1.067 64.322 + 9.82
J ; ) . . . composed of N oupled filters (row vectors) (F n | L : G 191358 + 8808 |00 £ 957 179.82 + 3.901 270501 + 5.715 219.463 + 1.54 314.658 + 3.077
. All qguantum gates can be decomposed into fundamental single-qubit P foup RS 0 —%— 0 n; —— R, /L 45— B, /L 5 R, /L 45— B, QCNNF (Corrected) 290.376 + 7.811 280.049 + 15621 Binary classification of FashionMNIST dataset Binary classification of FashionMNIST dataset
: : : e MQCCH 743 + 1.712 Out of VRAM 704.671 + 2.338 Out of VRAM 229.737 + 1.193 Out of VRAM with resolution of (16x16) pixels 0.80 with resolution of (28x28) pixels
rotatlon and tWO quIt CNOT gates. Wlth Nf ]- degrees Of freedom. Rotate-nght (ROR) Gate ng—1 Rl Sl % ’ By =D ’ AN ’ o MQCC?* (Optimized) | 103.799 + 1.712 150.577 + 13.391 105.35 + 2.338 140.052 + 0.626 95.567 + 1.193 139.237 + 4.279 \
o i AL : . o : : d—-D— o N | o ' 3 , °T0 Py
- Quantum circuits must optimize circuit depth and gate count due to . Define a specific filter using inverse arbitrary state synthesis and gebmert - RN - g - . - T Tl Enni] R o TR, o
decoherence and gate errors - - - L : B w y > / — y - I A A TE
- classical-to-quantum (C2Q) encoding = . 1-level Multidimensional Method MNIST FashionMNIST CIFAR-10 \ |
E)nj -1 A H T ; 0 —| R, co—— R, (—— Ry o—* & 16%x16 28x28 16x16 28x28 16x16x3 32x32x3 @ 0.0 MM
d—1 Quantum aar lranstorm CNNT[8] 0.169 + 0.002 0.166 + 0.003 0.16 + 0.003 0.155 + 0.004 0.2 + 0.001 0.196 + 0.004 i;l'o4o “qw " ﬂ h “ W IH u ‘“ |
AmphtUde EnCOding via Arbitrary State SyntheSiS Data Rearrangement: >.on;—2 . . = a1 Circuit (Wlth Rearrangement) . . . . . Quanvolution™ [5] 0.212 + 0.002 0.217 + 0.004 0.193 + 0.006 0.199 + 0.008 0.251 + 0.003 0.322 + 0.01 I 9 030 | H‘“IIIM‘ l“ H W |‘ | |
| N | 7=0 i 5 Parameterized Filter Operation for Quantum Machine Learning T o1 1 0007 20 1 001c ) A Wl |
. Data values can be encoded into the probability amplitudes of the . Groups fragmented data into one contiguous output data dfn- = H & = . Data rearrangement groups QONN* Comected) | T 00 oo | O R O e e | 002 | 1019x 0005 020 {|  quamvontion s 020 I commoition sy
. . . .o . . 4 A _J . Ll ——QCNN [1,6] Ll ——QCNN[1,6]
statevector, with the basis state representing positional information. U i =0 i i the fragmented low- and high- Macc’ 1829+ 0004 | OutofVRAM | 17350008 | OutofVRAM | 5662%0004 | Outof VRAM 010 | —wacc 010 +| — acan (comectea
) . Uses quantum permutations (SWAP gates : : : g g . . : : - : o
_ _ 9 P ( 9 ) i = = o freaUency Components . To adapt the filter operation Ur for QM L, we replaced the inverse MQCGC* (Optimized) |  0.646 + 0.004 0.801 + 0.02 0.593 + 0.008 0.715 + 0.006 0.758 + 0.004 0.856 + 0.006 vop I | sop oo |
* Data mUSt be normallzed tO generate a Va“d Statevector. ;]nj =1 A q y p ] arbitrary state Synthesis operation Wlth a parameterized ansatz TIncludes actual execution time of neural network layers. *Includes execution time of simulated quantum circuits 0 21'30 560 750 10'00 12'50 15bo 0 250 560 750 1o'oo 12'50 1500
L. . . . . - Iteration Iteration
-+ Multidimensional data can be mapped to the 1-D statevector using > ;2 - - In the quantum cireutt Implementing UFr using inverse arbitrary state synthesis is necessary to
COlumn-major Ordering. Multi'DimeHSional Quantum conv0Iution j=0 J Z rearrangement can be done ) , P 9vF , 9 , ) y _ y _ y . Accuracy: MQCC (Optlmlzed) shows the hlgheSt accuracy for the FashionMNIST Binary classification of CIFAR-10 dataset Binary classification of CIFAR-10 dataset
_ _ . _ | S : with rotate-riaht (RoR) gates implement a pre-defined arbitrary filter, but trainable filters have more dataset, while CNN outperforms all other models for CIFAR10 dataset. However, e with resolution of (16x16x3) pixels - with resolution of (32x32x3) pixels
) 9 g P
. If the size of a dimension is not a power of 2, it must be padded with 2, " —— H ——X . flexibilit e L . . . . . . :
o th " t £ =0 ; ; constructed from SWAP gates. EXIbIlty. CNNs exhibit high accuracy variance (high maximum, low minimum) owing to its : 0.75
HSESS LIS M2 LIS PRAE BIf = | F i S 1 - e Can also be done by classical | - Above parameterized ansatz offers: model complexity (number of parameters). Furthermore, Quanvolution performs h M 070 bbb
. An arbitrary state synthesis operation, e.g., classical-to-quantum (C2Q), B I T Ly, J=0 _ o _ . " relatively better than other models for MNIST dataset. 115 I 0.65 | 'W*Y
4 y CNN [8
can be used for data encoding from the ground state : I : k register remapping/indexing - llg)n PRl EASIEE <0 i 2 wmouionts % 060 | ‘ | |
J J ' H ’ S Z:Onj Nl [ ™ durina auantum-to-classical L ircuit depth lexity: 4 . Training Time and Testing Time: The classical and the hybrid model require 3 g5 | e 3 | |\ " 0t i \ Il
o] U :}nﬁ Lo - 5 5 gq . Low circuit depth complexity: 3 - ¢ + | i o ot h : o g T e 2 055 | AT [
H * — = = - _ _ ) ower time for training and testing compared to the quantum moaels. Ihe L——— e - : | I
s , 0 — 1 H —% ) (Q2C) data decoding to . High qubit entanglement from the ring of CNOT gates . . g and g Comp N . 080 bl 16
S Ucaq = ||[o) |Xx) -+ |X) E —} N conserve depth implementation of MQCC is challenging for larger images and requires s | o T
UCQQ |O> — |¢0> TET . comparatively more time. However, MQCC (Optimized) requires less time : o0 f| —acwine
| x) = “don’t care” : - compared to QCNN (Corrected) 3 {
Width-Optimized MQCC - ) S e I e e e T T
M — f . 1 J—D—OHT . - . 0 200 400 600 _ 800 1000 1200 0 200 400 600 ) 800 1000 1200
- - _ ;;:Zo( =9 g ?d, . Gate Count: From our basic gate decomposition analysis, both MQCC models teration feration
L |k Pyramidal Structure d—1 E have lower gate counts regardless of the data size. Number of Parameters
Quantum Machine Learning with Variational Algorithms b } of Multi-level QHT > (ny—4) —2 —— X ' ° > Method 16x16 16x16%3 26x28 32x32x3
e . ) J=0 : Optimized MQCC Circui : ircui . — . -
- _ _ - , . : ; . Circuit Depth: Both MQCC models offer lower circuit depth for smaller datasets compared to CNN 8
. Quantum optimization is not feasible due to decoherence constraints. | based Dimension S 03 T e, QCNN - NT'{_] . = = - -
' i . A . SN : | g | : uanvolution
. Current state of the art is quantum-classical hybrid algorithms, such as ; o, ; Reduction o 7=0 | 5 S Number of P ters: MQCC (Obtimized ros the | t ber of traini t QCNN [1,6] 51 51 68 68
variational algorithms. o) o _ G o “ = | . Adding / extending Sy — &) — (d—1) —— | - . Number of Parameters: . (Optimized) rgquwes e .oyves number of training parameters. —c = — — —
- _ _ _ - the data j=0 : NN - . | A I Overall, the quantum convolution models require fewer training parameters compared to the MQCC (Optimized) 26 0 o3 o2
. Static circuit gate layout is parameterized by rotation gates. e d-1 ; n_’;n;f;f_"l)_l S g T T s i classical and hybrid model.
o . . . L T rearrangements > (nj—4) —d —— x |2 S lile | & | | B Circuit Depth
. Circuit parameters are trained with classical optimization methods, ; - | with interlevel i=0 = 2 | & e l g : Training Log-Loss: Method
: ’ Y ’ no - n—ns-(£-2) = O T A [ £ [T — 2 — v &8 — : - - 16x16 16x16x3 28x28 32x32x3
e.g., gradient descent. —— y -, . = RO a 12 [ ] 8118 ]z i S [ | |
9 9 = - - e | permutations can j_ZO(nJ —{) —d—1 SR M =~ [ A s = . Both MQCC models show consistent behavior towards the log-loss measure as the number QCNN [1,6] 135 188 188 189
— ! ! o, . e o 3 . . .
be used to create a : ! : © :: E’ CQ? of iterations increases. MQCC 111 115 242 242
: N : : : : : ! ! | | ' _ _ _ _ _ o _ _ MQCC (Optimized) 107 111 238 238
Related Work Multi-Dimensional Quantum Convolution Circuit pyramidal structure. df( o1 L] | ) : . Classical and Quanvolution require a relatively higher number of training iterations for
'”13 _ _ | I | . 73 . ” C
: L : : : = | [ (o 00000 TyrEERERT iR e e e reaching a “saturation” point. Gate Count
. With multidimensional data, shift and data rearrangement operations can - Allows clearer = ; | | 9 p_ - | | Method — — - — 0
be “stacked” and performed in parallel representation of ) i . Classical and Quanvolution exhibit minimal loss for simple datasets, i.e., MNIST, TS — — — —
. —3 , . . . . . . . ,
: _ _ ntum ration ) T : : T . which does not necessarily result in achieving higher accuracy. Such behavior suggests the
Quantum Convolutional Neural Networks (QCNNs) [1] . Figure reverses multiply-and-accumulate and data rearrangement steps quall L:j t Operations 2 =4 =1 - A Multidimensional Quantum Convolutional Classifier (Optimized) model is overfitting to training data Macc 183 191 352 360
. . : “ . TT . ” . . . . . | ! N ) imi
. Structure inspired by CNNs, with “convolutional,” “pooling,” and with an identity for visual clarity. 3_pp ed 1o Juced i . MQCC (Optimized) 151 159 312 320
Imension-reduce : N
“fully-connected” layers. ' i i : ! ‘ ion i n iti ' -
“ = | | | | : Usm.g a pyramidal cascade of quantum decrementors instead of data. M (ny—£) — 1 VS Each layer of quantum convolution introduces 71 f additional qubits. Conclusion and Future Work References
. “Convolution” layers based on locality of logical virtual qubits. multiplexed quantum decrementors reduces number of With SWAP 7= i . Over multiple convolution layers, MQCC accumulates a relatively large
. . . . P 1] * ' . . .
. . — - i e o : : ircuit width of n 4+ (n¢ - £). - — . L - - khai - - -
No emphasis on data locality or the convolution operation Usnire Operations from » ~ j=2m-1(2 —1) to ny. optimizations, entire Zoj(nw -1 J cire dth of 7 + (s - £) We proposed a variational quantum classification technique that preserves locality in 1] '{? ?;?8’1%0600”2’31”9?‘1‘;’72”? zhgg‘hﬁt't'pz /}‘d“oki'g'r 5/(1):)91'&%‘2‘;‘126‘;08‘1’3"8%2%3;”6““' networks. Nature Physics
. . . 7 B — . . . . . . . . A . . . . , , —_ . . . . - - -
Overall. the circuit de jtF]O complexitv is O(nf n2 -+ an) Operatlon requires =0 ! - To conserve circuit width and eliminate the filter quItS’ the pOOIIng Iayers multidimensional data using quantum convolution and QHT-based pooling. [2] LiDeng. 2012. The mnist database of handwritten digit images for machine learning research. IEEE Signal
Quanvolutional Neural Networks [5] ) . n o3 P fth Iy - It“a"‘d_max _ ’d . constant depth. i can be placed before their corresponding convolution layers. . Compared to QCNNSs, our optimized MQCC achieved improvements in log loss, Processing Magazine 29, 6 (2012), 141-142. . )
, _ . . _ _ wnere 7imax QUDILS represen e largest data dimension an : : : : - - - - ) - [3] Adam Paszke et al. 2019. PyTorch: An Imperative Style, High-Performance Deep Learning Library. In Advances
. LeverageS CIaSS|CaI preprOCeSSIng tO lelde mUItldlmenS|Ona| |nput data Ub|tS re resent the corres Ondln f”?er d|men3|0n fmax 0 — . The qultS used to represent hlgh_frequency terms can be used In_place daccuracy, tra|n|ng/teSt|ng t|me, and gate count due to the preservathn of data |OCa|Ity. 7 sl Tnferieiion Fressssing Systenme 62, [, Wilkai, -, ereenzle. & Beverzmen E ¢ alens Bue, E, Zow
into data-local windows. g P P 9 ' of adding additional qubits. . Compared to CNNS and quanvolutional .neural networks, |\/|QC(.3 demonstrated faster gnd R. Qarnett (Efjs.). Curran Associates, Inc.., 80?4—8035. http://papers.neurips.cc/paper/9015-pytorch-an-
S _ _ _ _ _ _ convergence, higher average accuracy in the MNIST and FashionMNIST datasets imperative-style-high-performance-deep-learing-library.pdf |
rorgoes significant quantum advantage from parallel processing Simulati f t C luti 512x512x3) | HT-based Di ion Reducti 512%x512x3) | - Since high-frequency qubits do not start at their ground state, the width while substantially reducing the number of training parameters. : Zﬂfn?uer;ggc;lsrgiigf l:'ozrfm)sjt'aiiggy:?)?iiﬁsu:?rgjgg; '[Eifrﬂ“s}:'fﬁtgsmgnylane ail
. . . x x - x x . . ] ] = . . . - . .
Introduces significant overhead from preprocessing and large number of imulation of Quantum Convolution on ( ) Images Q ased Dimension Reduction on ( ) Images optimization introduces some error to the MQCC structure. . Future Work: 5] Maxwell Henderson, Samriddhi Shakya, Shashindra Pradhan, and Tristan Cook.2020. Quanvolutional neural
: T : g : : : : . : Y : : T networks: powering image recognition with quantum circuits. Quantum Machine Intelligence 2, 1 (2020), 2.
quantum circult iterations. - AN adc.iltlonal trainable convolution filter is added after the first pOOIIng - Optimizations and extensions to multiclass classification [6] Tak Hur, Leeseok Kim, and Daniel K. Park. 2022. Quantum convolutional neural network for classical data
. Classical-to-quantum (C2Q) data encoding and quantum-to-classical operation to correct for error. . Investigate scalability using real-world datasets classification. Quantum Machine Intelligence 4, 1 (10 Feb 2022), 3. https://doi.org/10.1007/542484-021-00061-x
. . : i i .. : i : i _ _ [7] Mingyoung Jeng et al. 2023. Improving quantum-to-classical data decoding using optimized quantum wavelet
(Q2C) data decoding are slow operations. . Since the filter qubits are eliminated, marginal circuit depth conservation - Implementation on physical quantum hardware transform. The Journal of Supercomputing (16 Jun 2023). https://doi.org/10.1007/s11227-023-05433-7
. . . IS seen from the fullv-connected laver. [8] Yann LeCun, Yoshua Bengio, and Geoffrey Hinton. 2015. Deep learning. Nature 521, 7553 (2015), 436—444.
Inherently a hybl’ld technlque intended to accelerate CNNS’ not for y y Acknowledgements: This research used resources of the Oak Ridge Leadership [9] Learning Multiple Layers of Features from Tiny Images. 2009. Alex Krizhevsky. https://www.cs.toronto.edu/~kriz/
independent QML. ' : e . . i, learning-features-2009-TR.pdf.
Original Image (3x3) Sobel-X (3x3) Sobel-Y Original Image 1-Level Decomposition L%w-frequen::y gonIPUtf[ngEFi(glg}S/, (\)A(l)rzl)ﬁ:?zl;;ngE Office of Science User Facility supported under [10] Han Xiao, Kashif Rasul, and Roland Vollgraf. 2017. Fashion-MNIST: a Novel Image Dataset for Benchmarking
omponen ontrac - - : Machine Learning Algorithms. arXiv:1708.07747 [cs.LG]




