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Pitfalls of Binarized Neural Networks

= Binarized linear layer: Y = a - XW} .. + b, with W, = Sign(Wgp)

oL
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= Binarized weights are updated as : Wy,;,, = Sign(Wgp — 1 -

— We train the weights in full-precision not binary domain
- Not differentiable
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0L 0L - Derivative is 0 almost everywhere
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- Model will learn nothing
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- Gradient Approximation by
Straight-through-estimator (STE)
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Native Boolean Neural Networks

. : .y _yn D) 0 ) : : 0
Bool linear layer: Y= Zi=1lL (X[k,i]’w[i,j]) + b, where L is a logic gate (xnor), and W, are Boolean

» Logic gate can be extended to handle mixed-type data, such as real input and Boolean weights

= Backward. We can compute the loss signal for the weights as

=l =y 1l =)ol - Y (el = Faise)|efl, |
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where Q[ ,; = xnor(Z{;) ,, X))

O —_w® (©) 0\ =
Update rule. w;;", = =W, if xnor (Q[ n ]) = True

D+ ptagDt 4 (Dt
Accumulator. M; " < B*M; 5 +nQ

We train the weights directly in Boolean domain

xnor(s,w) = s X w, enabling direct use of existing linear algebra operations

BOLD: Boolean Logic Deep Learning [Nguyen et al., NeurlPS 2024]

B 3

V2 HUAWE]




Boolean Reformulation for FP Linear Layers

Sign-value-independent Decomposition (SVID)

W Whool Sout SiTn
« CIT ) We can prove that this initialization is optimal for
~ ® preserving information from FP weights
Using SVD
Pl
el o T L . Proposition 4.1 (Xu et al. [59]). For W € R™*™ write W = USV | its SVD. Let a = V&1 ULy,
sign extraction of W rank-1 approx. of |[W| andb = \/5—16[:__1]- With the notations as described above, we have:
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Approximate the full-precision weights

W = Wbool ® ‘W‘ ~ Wbool O] (SoutST)

in

Proposition 4.3. For W € R™*"™ and the notations as described above, we have:

2

, VYeeR™1 vd e R™<L (5)

! F

HW - Wbool © Souts‘—;Hi—' S HW - Wbool O} CdT

The linear layer becomes
T
XWiep & [(X ® Sl-rrl) Wbool] © S;rut

OneBit: Towards Extremely Low-bit Large Language Models [Xu et al., NeurlPS 2024]
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Enhanced Expressivity with Multiple Boolean Kernels

SVID is good but still not expressive enough to fully capture FP weights

>
: - 1
- We employ multiple kernels, where each kernel utilizes I " 2 I K]
Sout Sout Sout
distinct Boolean weights and scaling factors v O o [T o I
in ® S. 0) in ®

K k k] [k T
Wep ~ Wapprox 2 Y1 Wi, © (shusin )

- The linear layers become

- ] 2]

T ~ [k] T [k] [k] T Whoo] A\u% 60

XWFP ~ Z |:(X © Sin ) Wbool] © Sout bool
k=1

K
Wt[}m])]

- The dominant computational cost is from the matrix

multiplication between the Boolean weights and scaled inputs

- We showed that training the last kernel is enough!
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Effective Knowledge Transfer into Boolean Models

Successive Extraction using SVID

- Further proceed to SVID process to approximate residual error introduced by the previous step

wi —wik wlk (Sm [k]T)
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Residual matrix
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Effective Knowledge Transfer into Boolean Models

Finetuning with Knowledge Distillation

™ r ™ (
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- Using multiple kernels effectively captures the original weight matrix, very small residual errors may still remain

- These errors can accumulate as they propagates through the layers

- Knowledge distillation for calibrating the whole model using very efficient Boolean optimizer

L 2
ﬁ = £logits + '}’:Cis ﬁ]oglts - f Z logits pFP X[j]! ) pbOOI(X[j];T)) Lis = L Z Z HQ bOOl

heH j=1
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State-of-the-art Ultra Low-Bit P_e_rforman_ce

T . e Perplexity () Zero-shot Accuracy (1)
Madel Methad Whits \wikia €4 BoolQ PIQA Hella. WinoG. ARC-c ARC-c Average
- We evaluate our method on LLMs EP-16 16 1462 1472 5782 7242 5370 5951 5097 2952  53.99
PB-LLM 1.7 27283 17542 6217 5424 2725 5027 2798 2372 4094
; i i i BiLLM 111 6945 6392 6192 5952 3381 4932 3438 2235 4355
Ultra low-bit compression Is very Cha”englng OneBit 1 2036 2076 ST85 6653 3921 5461 4280 2397 4750
i Mo$ 1 1845 1883 6034 6866 4199 5399 4487 2619 4934
OPT-1.38
_ Slg n |flcant|y Outperforms SOTA q uantlzatlon and GPTO - 2 9.5::..1 3.8e3 :59.4&(] 52.07 3_‘_5.5? 4933 26.68 23.63 .}5.]5
LLM-QAT 2 49¢3 20e3 3783 5005 2572 4972 2576 2500 3407
OmniQuant 2 4243 5561 5645 6094 3339  S185 3876 2338 4413

blnarlzatlon methOdS In terms Of performance MBOK |Ours]  2x1 16.13 1661 5853 7067 4811 56.75 48.19 27.90 51.69

MBOK |Ours]  3x1 1530 1568 6064  T078 5071 56.83 48.82 28.49 52.71
MBOK |Ours]  4x1 1483 1492 6095 7T085 51.02 56085 49.13 29.24 53.01

- Closely matches the performance of FP model

FP-16 16 568 708 7321 7742 7299 6685 5253 4138  64.06
PB-LLM 111 4166 4815 6223 5865 3464 S1.14 3308 2568 4424
_ EffICIent In both tral n | n and Inference OneBit 1 848 10,49 6250 7040 35403 5332 41.07 30.88 52.36
g Mos ] 797 972 6459 7182 S8I8  S888 4200 3131 5448
e GPTOQ 2 19e3  7.8¢2 4379 4995 2563 4941 2584 2747 37.02
LLaMASTE ) MeQaT 2 7de2 30e2 3783 S087 2476 SL78 2626 2551 3617
OmniQuant 2 1534 2621 S869 6279 4368 5296 4154 2035 4817
OPT-6.7B :
MBOK |[Ours|] 2x1  6.83 853 6920 7432 6480 6030 4905 3490 5876
MoS MBOK [Ours|] 3x1 620 776 67.89 7615 6891 6330 4894 3762 6047
MBOK [Ours]  4x1 601 7.53 68.16  T6.71 6985 6209 49.24 348.14 60.70
MBOK FP-16 16 509 661 6847 7905 7624 7017 5985 4454  66.39
! T T T PB-LLM 17 3583 3979 6217 S870 3397 5217 3186 2363 4375
0 10 20 30 BiLLM 111 1456 1667 6253 6817 5224 5943 4191 2994 5237
OneBil ] 765 956 6330 7198 6061 5943 4285 3242 5510
Memory (GB) MoS 1 706 881 6382 7388 6405 6093 4428 3311 56.68
LLaMA-I3B - prg 2 323 90¢2 4239 S000 2527  S067 2614 2739 3698
LLM-QAT 2 1.8¢3  12¢3 3783 S033 2540 5162 2702 2687 3651
- We i g htS Op“ mizer State S OmmniQuant 2 1343 1933 6220 6899 5416 5383 4550 3038 52.51

MBOK [Ours]  2x1 6.17 788 6810 7633 698E 6417 52.34 37.88 61.45
MBOK |Ours]  3x1 5.58 1.15 6739 7774 7337 6661 54.04 41.21 63.39
MBOK |Ours]  4x1 5.38 691 68.69  T77.63 7423 6653 56.14 41.38 64.10
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Compression-performance Tradeoff

@ @
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Number of Params x10” Model Size (GB)
Wiki2 C4
OPT Model WBit
ode ™ 125M 350M 13B 27B 67B | 125M 350M 13B 27B 6.7B
FULL-PRECISION 16 | 27.65 22.00 14.63 1247 10.86 | 26.56 2259 1607 1434 1271
RTN [61, 12] 3 | 3728 2594 4817 1692 12.10 | 33.91 2621 2451 1843 1436
QPTQ [18] 3| 3112 2424 1547 1287 1139 | 2922 2463 1697 1500 13.18
MBOK [Ours] 3x1 | 2010 2312 1530 13.09 1103 | 28.62 22.10 15.68 14.00 12.33
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Low Latency

- Latency (ms) of Linear Layers in LLaMA-13B

- Our approach (MBOK) dramatically speedups the inference

Weight Size Full-precision 16 MBOK (Ours) QUIP#

5120 x 5120 0.16540 0.05074 0.62260 1.96368
5120 x 13824 0.42830 0.05098 0.62836 5.23681
13824 x 5120 0.43411 0.04987 0.62840 5.21193

- It is even much more significant with a native Boolean accelerator
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Thank you.
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