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1. Introduction

In this work, we alleviate the computation resources and mem-
ory space required for the Deep Neural Networks (DNNs) infer-
ence. Figure 1 shows three complementary computation reuse
techniques proposed in [2, 1, 4]. CoDR presents a novel CNN
dataflow that employs scalar-matrix multiplication to pave the way
for the Universal Computation Reuse that exploits weight sparsity,
repetition, and similarity simultaneously. Next, we customize Run-
Length Encoding (RLE) scheme for the data values required for this
technique. Finally, since weights are compressed, accesses to the
on-chip weights are less costly than the accesses to the activations.
Thus, we design the loop ordering of the CoDR dataflow to reduce
the number of costly accesses to the input and output features.
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Figure 1: CoDR eliminates ineffectual (Densify), repetitive (Unify),
and similar (Differential) weights. C is the ratio of computation after
applying each operation to the GoogleNet model [7].

2. Computation Reuse

2.1 Weight Sparsity
Figure 1c shows that SCNN [1] exploits weight sparsity (94% in the
8-bit VGG16 model [6]) by removing zero weights (red colors).

2.2 Weight Repetition
While DNN inference requires millions of weights, unique weights
are bounded by the data bit-length. This results in computation re-
dundancy (39% in the 8-bit GoogleNet [7] weights) which is exploited
by CORN [5] and UCNN [2] using Unification (same colors).

2.3 Differential Computation
Zero and redundant weights drop significantly to less than 10.0% in
the 16-bit fixed-point weights. As an alternative, Differential com-
putation operates on the differences of the weights rather than the
absolute operands. ∆NN [4] exploits differential computation.

2.4 Universal Computation Reuse
We introduce universal computation reuse that employs three com-
plementary computation reuse techniques, i.e., Densification, Unifi-
cation, and Differential Computation simultaneously (Figure 1i).

3. Data Reuse

3.1 Scalar-Matrix Multiplication Dataflow
Figure 2 shows that CNN layer inference can be calculated by two
operations. (a) 3D convolutions is conventionally used by CNN
accelerator. Instead, (b) CoDR employs Scalar-matrix Multiplica-
tion as it breaks the dependency between the individual weights
and enables us to exploit the correlation in the linear weights (c).

3.2 Dataflow Loop Ordering
Since CoDR employs novel RLE schemes to compress the weights,
accesses to the weights (1.69 bit/weight) are less costly than access
to the input or output features (8 bit/feature). CoDR reduces the
number of on-chip accesses to the input and output features by us-
ing an input and output stationary dataflow whose loop ordering is
illustrated in Figure 4a. In contrast, UCNN [2] and SCNN [1] in-
crease the number of costly accesses to the features.
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Figure 2: (a) 3D convolution and (b) scalar-matrix multiplication.

3.3 Run-Length Encoding
RLE Encoder compresses three types of data: weight ∆ values,
output indexes, and the count of unique weight repetitions.
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Figure 3: Customized run-length encoding of the Figure 1i example.

4. CoDR Architecture

4.1 High-level Architecture
Figure 4a illustrates CoDR architecture that contains input, weight,
and output SRAM cells, and Processing Units (PUs). Since all PUs
work on the same region of the input/output features, an input reg-
ister file (RF) shared between all PUs caches input features.

4.2 Processing Unit Architecture
A PU (Figure 4b) has Multiplier and Accumulator Processing Ele-
ments (MPE and APE) for scalar-matrix multiplication and accumu-
lation (Figure 4c), and an interconnection network to connect them.
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Figure 4: (a) High-level, (b) PU, (c) MPE and APE architecture.

5. Evaluation

We compare CoDR with two compressed CNN accelerators: SCNN
[1] and UCNN [2]. We evaluate three CNN models [3, 6, 7] with dif-
ferent weight densities (D) and number of unique weights (U).
Customized RLE encoder compresses the weights by 1.69× and
2.80× more than UCNN [2] and SCNN [1]. Besides, CoDR dataflow
reduces SRAM accesses by 5.08× and 7.99× by decreasing the
number of costly accesses to the input and output. Finally, Fig-
ure 5 shows that CoDR consumes on average 3.76× and 6.84× less
energy relative to UCNN [2] and SCNN [1].

          

CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN

DRAM 220 374 7500 220 375 7500 227 378 7500 896 1082 7500 697 829 5649 494 571 3783 280 312 1926 DRAM 0.220492 0.374477 7.500412 0.220371 0.374823 7.500412 0.226521 0.377771 7.500412 0.896066 1.082394 7.500412 0.69749 0.829161 5.649279 0 0.493507 0.571498 3.782585 0.27959 0.312027 1.925983

SRAM 214 1167 2561 215 1167 2561 221 1167 2561 459 1218 2561 390 1200 2376 317 1181 2298 240 1162 2222 SRAM 0.213785 1.166835 2.560804 0.215018 1.16686 2.560804 0.22083 1.167072 2.560804 0.459192 1.217761 2.560804 0.389602 1.199544 2.376313 0 0.316749 1.181008 2.298394 0.23985 1.162342 2.222438

RF 202 2953 1785 203 2954 1785 204 2957 1785 242 3767 1785 199 3105 1315 155 2435 894 110 1764 471 Buffer 0.202271 2.953221 1.784704 0.202667 2.953534 1.784704 0.204138 2.956784 1.784704 0.242352 3.767054 1.784704 0.198608 3.104938 1.315174 0 0.15458 2.434643 0.893543 0.110486 1.764003 0.471322

Crossbar 111 0 234 111 0 234 111 0 234 114.3104512 0 234 96 0 168 77 0 117 58 0 64
Crossba

r 0.111036 0 0.234258 0.11112 0 0.234258 0.111425 0 0.234258 0.11431 0 0.234258 0.09568 0 0.167949 0 0.076912 0 0.117078 0.058161 0 0.064287

ALU 408 418 2068 413 421 2068 423 434 2068 2344 3170 2068 1812 2429 1483 1269 1669 1034 714 898 568 ALU 0.407606 0.418308 2.068481 0.413141 0.421095 2.068481 0.423241 0.434215 2.068481 2.34434 3.169683 2.068481 1.812419 2.429312 1.483002 0 1.268691 1.669244 1.033828 0.713739 0.898225 0.567705

total 1155 4913 14149 1162 4916 14149 1186 4936 14149 4056 9237 14149 3194 7563 10992 2310 5856 8125 1402 4137 5252

56 71 58 71 61 72 66 73

           

CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN

DRAM 969 1677 39448 963 1677 39448 961 1679 39448 4230 5357 39448 3258 4069 29686 2258 2748 19815 1198 1408 9966 DRAM 0.969419 1.676531 39.44814 0.96321 1.676836 39.44814 0.961463 1.67921 39.44814 4.229634 5.35676 39.44814 3.258104 4.068742 29.6856 0 2.257785 2.748412 19.81467 1.198065 1.407929 9.965756

SRAM 4222 36321 37999 4231 36321 37999 4299 36321 37999 9036 36586 37999 7613 36493 37549 6144 36398 37259 4603 36302 39946 SRAM 4.22237 36.32096 37.99949 4.231152 36.32098 37.99949 4.298642 36.32116 37.99949 9.036234 36.58571 37.99949 7.613452 36.49305 37.54916 0 6.143936 36.39807 37.25884 4.602746 36.30164 39.94565

RF 2905 2953 13200 2910 2954 13200 2934 2957 13200 3761 3767 13200 2831 3105 9961 1892 2435 7042 956 1764 4418 Buffer 2.905343 2.953221 13.19995 2.910397 2.953534 13.19995 2.934182 2.956784 13.19995 3.760646 3.767054 13.19995 2.830808 3.104938 9.961462 0 1.892247 2.434643 7.042342 0.956019 1.764003 4.418226

Crossbar 489 0 4232 490 0 4232 495 0 4232 559 0 4232 420 0 3193 280 0 2257 141 0 1416
Crossba

r 0.489231 0 4.231816 0.490193 0 4.231816 0.494895 0 4.231816 0.559147 0 4.231816 0.420362 0 3.193301 0 0.280366 0 2.257203 0.141289 0 1.415706

ALU 5614 7575 37367 5789 7671 37367 6070 8043 37367 47240 69104 37367 35735 52310 28197 23996 35113 19932 12091 17735 12502 ALU 5.613663 7.574804 37.36685 5.789386 7.671086 37.36685 6.070321 8.042682 37.36685 47.23959 69.1038 37.36685 35.73528 52.31043 28.19718 0 23.99608 35.11259 19.9318 12.09123 17.73482 12.50171

total 14200 48526 132246 14384 48622 132246 14760 49000 132246 64825 114813 132246 49858 95977 108587 34570 76694 86305 18989 57208 68247
44 51 48 54 55 60 67 72

          

CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN CoDR UCNN SCNN

DRAM 663 999 18782 662 1008 18782 721 1066 18782 2162 2642 18782 1663 2001 14109 1148 1355 9426 616 704 4752 DRAM 0.662637 0.998671 18.78169 0.662143 1.008402 18.78169 0.72147 1.065978 18.78169 2.161741 2.642495 18.78169 1.663205 2.000906 14.10866 1.148176 1.354632 9.42555 0.616124 0.704447 4.7517

SRAM 969 6572 6230 979 6573 6230 1014 6577 6230 1459 6691 6230 1303 6645 7050 1140 6598 7958 973 6551 9212 SRAM 0.969237 6.57244 6.23002 0.979223 6.57314 6.23002 1.013977 6.577282 6.23002 1.459288 6.690692 6.23002 1.302557 6.644538 7.050442 1.140049 6.598047 7.957984 0.973215 6.551274 9.211991

RF 314 4006 1834 316 4016 1834 323 4098 1834 386 7234 1834 291 5444 1639 196 3640 1312 101 1830 856 Buffer 0.313797 4.005797 1.834425 0.315875 4.016264 1.834425 0.322641 4.09789 1.834425 0.385699 7.233729 1.834425 0.290999 5.44423 1.638515 0.196046 3.639989 1.312433 0.101404 1.829638 0.855675

Crossbar 180 0 385 181 0 385 182 0 385 185 0 385 139 0 360 93 0 304 47 0 211
Crossba

r 0.180439 0 0.385429 0.180743 0 0.385429 0.181733 0 0.385429 0.184629 0 0.385429 0.138761 0 0.360007 0.092867 0 0.304066 0.046934 0 0.211379

ALU 644 1031 3404 715 1113 3404 861 1362 3404 4909 6357 3404 3696 4785 3179 2469 3195 2685 1243 1608 1867 ALU 0.644421 1.030739 3.403534 0.71455 1.113085 3.403534 0.861292 1.362307 3.403534 4.909459 6.357202 3.403534 3.696011 4.785359 3.179069 2.46898 3.195353 2.685136 1.242621 1.608417 1.866747

total 32733 114990 311345 33197 115293 311345 34230 116473 311345 9101 252650 295250 106808 210935 26337 74187 168291 21685 40959 125243 16897

96 97 49 -306 56 -242 67 -142

Average CoDR Unique weights1574.957

Average CoDR input 1167.01 Average UCNN Unique weights1923.284 18.111023

Average UCNN input 1538.671 Average SCNN unique weights13736.67 88.534649

Average SCNN input 17239.56

Average CoDR output 7545.526

Average UCNN output 10782.99

Average SCNN output 11561.98

Average CoDR weight 2382.91

Average UCNN weight 14724.31

Average SCNN weight 15562.02

Average CoDR 11095.45

Average UCNN 27045.97

Average SCNN 44363.56 38.859726

GoogleNet

100%, 4 100%, 8 100%, 16 100%, 241 75%, 241 50%, 241 25%, 241

VGG16

100%, 4 100%, 8 100%, 16 100%, 141 75%, 141 50%, 141 25%, 141

AlexNet

100%, 4 100%, 8 100%, 16 100%, 101 75%, 101 50%, 101 25%, 101

AlexNet

100%, 4 100%, 8 100%, 16 100%, inf 75%, inf 50%, inf 25%, inf

AlexNet

100%, 4 100%, 8 100%, 16 100%, inf 75%, inf 50%, inf 25%, inf

AlexNet

100%, 4 100%, 8 100%, 16 100%, inf 75%, inf 50%, inf 25%, inf

0

1

2

3

4

5

6

C
o

D
R

U
C

N
N

S
C

N
N

C
o

D
R

U
C

N
N

S
C

N
N

C
o

D
R

U
C

N
N

S
C

N
N

C
o

D
R

U
C

N
N

S
C

N
N

C
o

D
R

U
C

N
N

S
C

N
N

C
o

D
R

U
C

N
N

S
C

N
N

C
o

D
R

U
C

N
N

S
C

N
N

18%, 4 18%, 8 18%, 16 18%, 101 13%, 101 9.0%, 

101

4.5%, 

101

Alex-Net 
DRAM

SRAM

RF

Crossbar

ALU

0

3

6

9

12

15

C
o

D
R

U
C

N
N

SC
N

N

C
o

D
R

U
C

N
N

SC
N

N

C
o

D
R

U
C

N
N

SC
N

N

C
o

D
R

U
C

N
N

SC
N

N

C
o

D
R

U
C

N
N

SC
N

N

C
o

D
R

U
C

N
N

SC
N

N

C
o

D
R

U
C

N
N

SC
N

N

D: 73%        
U: 4

D: 73%        
U: 8

D: 73%        
U: 16

D: 73%        
U: 241

D: 56%        
U: 241

D: 37%        
U: 241

D: 18%        
U: 241

En
er

gy
 (

m
J)

ALU
Crossbar
Buffer
SRAM
DRAM

0

5

10

15

20

25

30

35

40

45

C
o

D
R

U
C

N
N

S
C

N
N

C
o

D
R

U
C

N
N

S
C

N
N

C
o

D
R

U
C

N
N

S
C

N
N

C
o

D
R

U
C

N
N

S
C

N
N

C
o

D
R

U
C

N
N

S
C

N
N

C
o

D
R

U
C

N
N

S
C

N
N

C
o

D
R

U
C

N
N

S
C

N
N

5.5%, 4 5.5%, 8 5.5%, 16 5.5%, 

141

4.1%, 

141

2.7%, 

141

1.3%, 

141

VGG16 Figure 5: Energy consumption analysis across different weight den-
sities and number of unique weight of the GoogleNet model [7].

6. Conclusion

In this work, we study three complementary computation reuse opti-
mizations for the CNN accelerators and introduce Universal Compu-
tation Reuse that exploits weight sparsity, repetition, and similarity
simultaneously. We propose a dataflow that employs scalar-matrix
multiplication to apply Universal Computation Reuse to the convolu-
tional layers. CoDR dataflow makes use of data reuse to minimize
the on-chip memory access. We reduce the cost of each weight
memory access by customizing run-length encoding based on the
weight values. The loop ordering of the CoDR dataflow also re-
duces the total number of accesses to the input and output features
by keeping them stationary in the processing elements. Our eval-
uation over three CNNs with different weight densities and number
of unique weights shows that compared to two recent compressed
CNN accelerators with the equivalent area of 2.85 mm2, CoDR re-
quires 1.69× and 2.80× less DRAM access, reduces SRAM access
by 5.08× and 7.99×, and consumes 3.76× and 6.84× less energy.
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