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with better generalization ability 1n the final few iterations.
* While Adam outperforms SGD for BNNS.
Real-valued weight distribution Dataset: ImaseNet
BNNs have sharper local minima compared to the real- ‘ S
valued networks Topl Top5

Activation saturation result in gradient vanish.
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v 3V BNNs (Courbariaux et al., 2016) 422 67.1

50 501 ABC-Net (Lin et al., 2017) 427 67.6
- DoReFa-Net (Zhou et al., 2016) 43.6 -

10+ 10+ XNOR-ResNet-18 (Rastegari et al., 2016) 51.2  69.3

N N . Bi-RealNet-18 (Liu et al., 2018b) 564 79.5

| -2 CI-BCNN-18 (Wang et al., 2019) 59.9 84.2

: —~10- Saturation Proportion=38.61% | —10- Saturation Proportion=23.81%| | | | im0 MoBiNet (Phan et al., 2020a) 544 77.5
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_O—ggié)b% (a) SGD (b) Adam PCNN (Gu e.t al., 2919) 57.3 80.0

) 25 0% o . . . StrongBaseline (Brais Martinez, 2020)  60.9 83.0

(a) real networks (b) b inary networks * In the backward pass, th§ d.erlvatlve .Of the sign function will Real—to—Bmary Net (Brais Martinez, 2020) 65.4 86.2
encounter a zero (or vanishing) gradient problem when the . Th 1de of real-valued MeliusNet29 (Bethge et al., 2020) 65.8 -

, , . tivati ds the effecti dient 11 € magnitude ot real-value ReActNet ResNet-based (Liu et al., 2020) 65.5 86.1

* Because BNNs restrict the weights and activations to activation exceeds the effective gradient range ([~1, 1]). weights indicates how easy the ReActNet-A (Liu et al., 2020) 69.4 88.6

discrete values (-1, +1), which naturally limits the * SGD update: Uy = 6 1Vt—1 T gt corresponding binary weights StrongBaseline + Our training strategy  63.2  84.0

representational capacity of the model and further can switch their signs (-1 or ReActNet-A + Our training strategy ~ 70.5  89.1

result 1n disparate optimization landscapes.

* These properties differentiate BNNs from real-valued
networks and impact the optimal optimizer and
training strategy design.

» Adam update: m¢ = Pamyi_q +97 U = ﬁ_'_e

* Adam naturally leverages the accumulation in the second
momentum to amplify the learning rate regarding the gradients
with small historical values. Thus, “dead” weights from
saturation are easier to be re-activated by Adam than SGD.

+1) to the opposite direction.

* Thus, real-valued weights can

be regarded as the confidence
of binary weights to be -1/ +1.

With the same architecture our
training strategy bring 1.1%
improvement over ReActNet.
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Table 7: Latency analysis of MobileLLM-125M (30
layers), MobileLILM-LS-125M (2x30 layers, adjacent
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47 - : N N N S N N N S Table 3: Zero-shot performance on Common Sense Reasoning tasks. MobileLLM denotes the proposed baseline model
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40 - 125M model, Zero-shot reasoning tasks 350M model, Zero-shot reasoning tasks
, , , , , , , (a) b Model #Layers #Params ARC-e ARC-c¢ BoolQ PIQA SIQA HellaSwag OBQA WinoGrande Avg.
Q’( Q’( O W\ O \(S W ( ) Cerebras-GPT-111M 10 111M 35.8 20.2 62.0 58.0 398 26.7 29.0 48.8 40.0
WONS NS A o AW LaMini-GPT-124M 12 124M 436 260 51.8 627 421 30.2 29.6 49.2 41.9
\0(3 QQ © V\\ Galactica-125M 12 125M 44.0 26.2 54.9 554 389 29.6 28.2 49.6 40.9
Ce(e §“° OPT-125M 12 125M 41.3 25.2 57.5 62.0 41.9 31.1 31.2 50.8 42.6
GPT-neo-125M 12 125M 40.7 24.8 61.3 62.5 41.9 29.7 31.6 50.7 42.9
Pythia-160M 12 162M 40.0 25.3 59.5 62.0 41.5 29.9 31.2 50.9 42.5
WVIOM B S B3 B Bl a3 Wl 43 §b g
MobileLLM- . . . . : . . : .
Model #Params ARC-e ARC-c BoolQ PIQA SIQA HS OBQA WinoGrande Avg MobileLLM 15-125M 30 125M 458 287 604 657 429 395 ALl 521 470
Without emb-share I35M 43,6 261 58.0 625 42.6 3065 375 51.5 44.8 Cerebras-GPT-256M 14 256M 379 232 603 614 40.6 28.3 31.8 50.5 41.8
+ emb-share 11SM 444 260 562 628 43.1 359 360 52.6 44.6 OPT-350M 24 33IM 419 257 540 648 426 36.2 33.3 52.4 43.9
+ emb-share, 7 depth  125M 43.3 26.4 544 6477 435 369 38.5 52.6 45.0 Pythia-410M 24 405M 47.1 30.3 55.3 67.2 43.1 40.1 36.2 53.4 46.6
RWKV-430M 24 430M 48.9 32.0 534 68.1 43.6 40.6 37.8 51.6 47.0
BLOOM-560M 24 550M 43.7 27.5 53.7 65.1 42.5 36.5 32.6 52.2 44.2
#Params (M) Cerebras-GPT-590M 18 590M 42.6 24.9 57.7 62.8 40.9 32.0 33.2 49.7 43.0
MobileLILM-350M 32 345M 53.8 33.5 62.4 68.6 44.7 49.6 40.0 57.6 51.3
Baseline - 4134 1 MobileLILM-LS-350M 32 345M 54.4 32.5 62.8 69.8 44.1 50.6 45.8 57.2 52.1
! 45.0 50 1 i
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‘ © . . . . . g g gory ghiig
: . I . I I I I
Deep and thin ,*135.0 04351 [t i« I~ =471 0 o i ~ - :
< o " —4— 32 heads ) PR ) —4— 32 heads | Model ARC-e ARC-c¢c BoolQ PIQA SIQA HellaSwag OBQA WinoGrande Avg.
mo|Wig g b gl g g g lowma g GOl BT pr &y ey st @ u0
I T I o 5 5 15 5 h 5 - . . . . . . . . .
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MobileLLM-LS Layer share . 124.6 B. -1.18 £ J. - ! - - - - -
TinyLlama-1.1B 59.2 37.1 58.1 729 439 59.1 44.7 58.8 54.2
Sharing method ARC-e ARC-c BoolQ PIQA SIQA HellaSwag OBQA WinoGrande Avg. ‘MobileLLM-1B 63.0 390 667 744 450 614 468 623 573
Trai 1T tok *124.6 baseline . 41.6 25.7 61.1 62.4 43.1 34.4 36.9 51.6 44.6 Cerebras-GPT-1.3B 47.4 28.3 57.3 66.9 43.1 38.2 38.4 52.1 46.5
rain on oKen : : Immediate block-wise share ~ 43.9 279 615 643 415 35.5 35.1 50.2 45.0 Galactica-1.3B 50.8 34.3 614 639 42.0 40.9 33.8 54.9 48.9
GPT-neo-1.3B 51.3 33.0 61.8 70.9 4377 48.6 41.2 54.5 50.6
| | | . . . OPT-1.3B 54.4 31.7 58.4 71.5 44.7 53.7 44.6 59.1 52.3
42 44 46 48 50 5?2 LaMini-GPT-1.5B 599 391 77.0 719 459 50.9 44.4 57.5 55.8
RWKV-1.5B 56.2 33.8 61.8 72.3 447 52.8 41.8 54.7 52.3
Accuracy BLOOM-1.7B 509 312 617 700 432 472 36.2 56.1 49.6
Qwenl.5-1.8B 61.1 36.5 68.3 74.1 47.2 60.4 42.9 61.2 56.5
Cerebras-GPT-2.7B 53.8 32.3 55.0 71.0 433 48.9 40.6 55.7 50.1
GPT-neo-2.7B 55.8 34.3 62.4 729 43.6 55.6 40.0 57.9 52.8
OPT-2.7B 56.6 34.6 61.8 745 456 60.2 48.2 59.6 55.1
Pythia-2.8B 594 38.9 66.1 73.8 44.5 59.6 45.0 594 55.8
BLOOM-3B 55.1 33.6 62.1 70.5 43.2 53.9 41.6 58.2 52.3
RWKYV-3B 60.1 39.1 58.6 74.5 45.1 59.8 44.6 59.1 55.1

MobileLLM-1.5B 67.5 40.9 65.7 748 464 64.5 50.5 64.7 594
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