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Thus, the accuracy of calculations heavily depends on the randomness of generated _
bitstreams. That means the core element of SC is the stochastic number generator Adjustable Sequence Length (ASL)
(SNG) and also the most energy consuming part.
The Introduced structure can reduce | ( )
Binary number Comparator e Counter the sequence length by truncating the Layer Welghts | Layer Inputs )
b sy | B random number or the input sequence v
— YT jogic circuits | stream  out————- directly without retraining the model. @ 8 ot |
| . sequences
- | fj S : — (= Thus, the trained network can get
e — — optimized for energy efficiency .
—— o fo o] afterwards. s et e D e gy
\_ Stochastic number generator /\ A ) T To further improve the accuracy, a |
Bi lj ' Stochasticlz domain Binary |calomain Sobol e IS used for the 8
| Ml i | random number input. Calculate by truncated
Fig. 2: Stochastic computing process and components Source: [1] Fig. 3: weights & Inputs
RNG with LFSR _ _ n
SOEEs 1] The sequence length in the earlier
As random number generator L3 ayers needs to be preserved while the Layer Qutputs
(RNG) usually a linear-feedback Lo ater layer can be truncated without o Soree 1
shift register (LFSR) which Is j_ 0sing much accuracy. o TR b ouree: 11
simple and can be implemented = — Stochastic bitstream AT = o = \ Ao r P Y s A e o = o o
. . . L1 VN Sobol sequence \ f : : \ Truncation )
| | | Truncation | Model with Adjustable - unes
very efficiently in hardware. . i D— | L N : | Sequence Lengths | :
AS a COmparatOr there are b|nary 7 )_/\.r\.r\_ e~ Sy S 5 S ;L ‘ ces Inputs, ﬁ_"',!_l
and weighted binary generator L0 (" Full-precision \ | | | |
(WBG). A1) S— : Model (FP16) : : | SNG . |
. . . g 1 | Inputs; <+ - L, I
FOI’ COnvertmg It baCk’ a Slmple ﬂlp Fig. 4: WBG generating a stochastic bitstream when inserted a | | : Ls -_|' - T T : _ |
fIOp counter can be used to count random number and the binary number representing the fraction : : | : | U: |
the ones. Source: 2] , | L Ly Ele| Ly, D )
l f e T I s
_ ' ' !
SC in Neural Networks | |
| Fig. 9: ASL scheme with an FP16 full-precision base model Source: [1]
SC arithmetic circuit
ST SRS AR AT i Energy Consumption with ASL
| 3 I
-4 SNG ' (\>_</ :: :
o : /_\ :: \ : Dataset Layer Size Baseline Energy Number of |Accuracy | Savingsin Savings in
SNG : I} I Accuracy [mJ] Cycles Loss energy [%] latency [%]
| (X 'l | |
! I | ' SC . Fashion 784-1024-1024-512-
““_SNG : \/ :i I | - Péztti)j;:;try : MNIST 256-10 91.98% 3.38 1797 0.083 49.83 64.94%
—4 SNG ; /\ :: : function
. | (& 1 : SVHN 102402802451 g0 4004 4.68 1925 0.040 43.64 62.44%
i | |
) | ¥ b |
SNG } [
b? | (/X\J X i CIFAR1D  [1O241028- 024512 64 8604 4.70 1989 0.095 43.38 61.19%
SNG i 1 |
| f—— T T | —— d
SC multiplier array SC Adder
| 3 References
Fig. 5: Structure of an SC neuron. Source: [3] EVEE
A [1] Wang, Ziheng, et al. "Energy-Efficient Stochastic Computing (SC) Neural Networks for Internet of Things Devices
_ [=] With Layer-Wise Adjustable Sequence Length (ASL)." IEEE Internet of Things Journal (2025).
A neuron consists of an array of SNGs for Ub . ‘ SNG 347 21 Lee. Yang ¥ 7 Al el “Stochas - A ST
. . . . . >— ee, Yang Yang, and Zaini ul Halim. “Stochastic computing in convolutional neural network implementation: a
COnVertlng lnpUtS/WelghtS/blaSGS Into the SC COMRIET ' review.” "PeerJ. Computer science vol. 6 €309. 9 Nov. 2020, doi:10.7717/peerj-cs.309

domain. Those then are multiplied/added like ;/p CE
a usual neuron except the operations are
simpler in the SC domain.

Then adjusted activation functions equivalent
to normal NN are used. Afterwards the SC Fig. 6: Adaptive digital element (ADDIE) PE for
sequence is converted back to the binary gc())rll\;gcret.ireg]the stochastic sequence back to a binary one.
domain with a probability estimator (PE). |

[3] Y. Liu, S. Liu, Y. Wang, F. Lombardi and J. Han, "A Survey of Stochastic Computing Neural Networks for Machine
Learning Applications," in IEEE Transactions on Neural Networks and Learning Systems, vol. 32, no. 7, July 2021,
doi: 10.1109/TNNLS.2020.3009047.

[4] Mehlin, Vanessa, Sigurd Schacht, and Carsten Lanquillon. "Towards energy-efficient deep learning: An overview of
energy-efficient approaches along the deep learning lifecycle." arXiv preprint arXiv:2303.01980 (2023).

[5] Matthew Carrano, Director: Scott Koziol, Ph.D., Combining Machine Learning with Stochastic Computing

Contact: nist42@mailbox.org



	Slide 1

