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01 Introduction

« The inference of LLM is memory-bound

« LLM is extremely sparse
 Pruning
- Mok
« Quantization

« Quantization
 Post-training Quantization
 Pros: Small training cost.
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« Cons: Not work well on ultra-low precision(<2-bit) models

- Quantization-aware Training




02 nn.Linear -> BitLinear

« Normalization*: Stabilize training (Sub-LN)

« Weight Quantization .
. BitLinear BitNet
W = Slgn(”/ — (.l.’), Ouspul t Output
L — = ,
Q= m ; Vij [3 = %HVVHI ; " = GEfLU Fe;d;t?::'d -E'Lt'fe-r
Weights -' inear , |
. . o . . Absmax - VLr Mulu-'ﬂead [ Attention }&h Heads
 Activation Quantization Sumikaton i Atton T
s @p T D
Z = Quant(z) = RoundClip( T Qns Bp) b Input !
e ” Input

I

RoundClip(z, a,b) = max(a, min(b, round(x)))

where v = ||z||oo-

*Magneto: A Foundation Transformer. Hongyu Wang, Shuming Ma, Shaohan Huang, Li Dong, Wenhui Wang, Zhiliang Peng, Yu Wu, Payal Bajaj,
Saksham Singhal, Alon Benhaim, Barun Patra, Zhun Liu, Vishrav Chaudhary, Xia Song and Furu Wei. ICML 2023



02 nn.Linear -> BitLinear
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02 nn.Linear -> BitLinear

FP16/BF16

BitNet bl
(Inference)
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BitNet
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03 Training T T

 Gradient Estimation
 Straight-through estimator(STE): Directly bypass .,
the gradient of the weight and activations. . |
- Maintain a latent weight (FP16) to S N S -

Steps

accumulate parameter updates. BitNet is more stable than FP16 LLM

5513

* Hyper-parameters
« Large learning rate
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BitNet achieves lower PPL with larger learning rate.



04 Energy Consumption

« MatMul operation WX, W € R™", X € R?*1
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04 Energy Consumption

« MatMul operation WX, W € R X € R*1

“ FP16 FP16 INT8 INT8

FP16/BF16 n(n—1) ;g'oz_cmx —o— BitNet
. EE 30x1
BitNet 0 n+1 nn—1) 0 E -
%g 20X+
89
O
. FP16 . 5%‘10x
¢ Energy cost ratio increases as model :c_’lg

BitNet
Size grows.

1B

Model Size

10B

30B




05 Scaling Law

« Does 1-bit LLM exhibit a scaling law? Yes!
« The validation loss decreases as the model size grows.

5.251 ¢ .
- BitNet

 Is 1-bit LLM predictable? Yes! 5.001\ === FP16 Transformer

« We use the loss of 125M-2.7B model to predict the , ¢ Q

loss of 13B and 30B model. fa50 1 S W
+ As the model size grows, the gap between — *%] ‘\\"\Q~ \

. 4.00 By
1-bit and FP16 LLM narrows. ~ ]

* 125M: AL = Lep16 — Li_pir = 1.5 >T200m 1B 10B 30B 100B

Model Size

* 100B: AL = Lp1g — Ly_pie = 0.09



06 Inference-Optimal Scaling law

« Expected energy consumption

5.257

- BitNet achieves lower loss than FP16 LLM  >°¢

with the same inference energy budget. 4751
S 4.50;

« Energy: 30B BitNet = 760M FP16 LLM 4.25
4.00

=== FP16 Transformer
@ BitNet

10’10 10’11 10’12
Inference Energy Consumption (p))




07 BitNet vs SoTA PTQs

« BitNet achieves better performance than SoTA Post-Training Quant
on the ultra-low bit models.

WBits  Methods PTQ | PPL| | WGT WGe? HST SCt  Avgt
E Random X | - 50.0 50.0 25.0  50.0 43.8
16 Transformer X 15.19 66.7 543 429 674 57.8
p Absmax v 21.43 60.4 52.0 383 62.7 534
SmoothQuant v 15.67 65.3 53.1 409 676 56.7

GPTQ v 16.05 57.2 512 399 634 52.9

4 Absmax v 4.8¢e4 55.8 50.9 25.0 53.1 46.2
SmoothQuant v 1.6e6 53.7 48.3 24.8 53.6 45.1

" GPTQ v 1032 51.6 50.1 258 534 45.2
- QulP v 70.43 56.1 51.2 303 584 49.0
| Absmax v 3.5e23 49.8 50.0 248 536 44.6
SmoothQuant v 3.3e21 50.5 49.5 246 53.1 44 .4

1 BitNet X | 17.07 | 663 514 389  66.9 55.9

Table 3: Zero-shot results for BitNet and the baselines (PTQ: Post-training quantization, WGe: Wino-
grande, WG: Winograd, SC: Storycloze, and HS: Hellaswag dataset).



07 BitNet vs SoTA PTQs

« BitNet achieves better performance than SoTA Post-Training Quant
on the ultra-low bit models.
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Figure 6: Zero-shot (Left) and few-shot (Right) results for BitNet and the post-training quantization
baselines on downstream tasks.
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BitNet b1.58

» Revisit the scaling law of BitNet b1

. () As the model size grows, the gap between 1-bit and FP16 LLM narrows
. BitNet b1 requires a much large size (>100B) to match FP16 LLM

5251 @ X
: BitNet
4 . 5.00 mee FP16 Transformer
e Could BitNet match FP16 LLM under a smaller size?

. YeSI 4.75 Q_

 {-1, 1} -> {-1, 0, 1} significantly boosts the performance! § 450 \\° - Abm=D.03
4.25 N e 7
4.00 \° .
3,754 . [

100M 1B 10B 30B 100B

Model Size
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01 BitLinear

« Normalization: Sub-LN 0531
« Weight quantization: 1.58-bit (log, 3)
« Function: absmean ﬁ
== W 1 ;
W = Roun(l("lip(ﬁu ==, 1), v = EZ |Wi;l. 06781 | -07863 | -0.1131

0.5713 | -1.0595 | -0.9172

0.1698 | -0.3213 | -0.1643




01 BitLinear

« Normalization: Sub-LN
« Weight quantization: 1.58-bit (log, 3)

« Function: absmean

e 4% 1 -
W = RoundClip( 119, 7= i Z Wi,
¥

.
" . =
J

« Activation quantization: INT8
« Function: symmetric absmax(per token)

-0.4644 | 0.0088
0.3350 | -1.1178
0.6239 | -0.4109
-0.4644 | -0.3927

68 -127
127 -47
-95 -45




02 Training

« S-shape loss curve
« The loss suddenly decreases at the end of training 5,
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02 Training

« S-shape loss curve
« The loss suddenly decreases at the end of training

+ When wd=0, S-shape disappears; but it has slightly *°

worse ppl than wd=0.1

wd = weight decay

v
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02 Training

« S-shape loss curve
« The loss suddenly decreases at the end of training

- When wd=0, S-shape disappears; but it has slightly “°T] R -y
worse ppl than wd=0.1 1T — Irle3wd-0.0
3.8/ | Ir-1le-3-wd-0.1
0 ; — |r-1.5e-3->1e-3-wd-0.1->0.0
. . §3.71
- Two-stage training E
- Stage-1: First half of training 535
- High learning rate " sl
- Enabling weight decay 3'3

« Stage-2: Second half of training -

- Lower learning rate 0 258 50B
« Disabling weight decay

wd = weight decay



02 Training

« As the model size grows, the gap between 1.58-bit and FP16 narrows

4.5 45 4.5
—— 700M FP16 —— 1.3B FP16 -—— 3b FP16
~—— 700M b1.58 —— 1.38 b1.58 —— 3bbl.58
- 3.9b b1.58
24.0 04.0 g 00
3 = b
o o o
£ L= £
£ £ £35
35 £35 s
3.0
3.0
=0 0 258 508 758 1008 0 258 508 758 1008 0 258 508 758 1008
Tokens Tokens Tokens

Figure 2: Training loss curves across different model sizes. The gap between full-precision models
and BitNet b1.58 becomes narrower as the models scale.



03 Experiments

« As the model size grows, the gap between 1.58-bit and FP16 narrows
 BitNet b1.58 matches FP16 LLM with 3B parameters and 100B tokens.

Models Size Memory (GB)/ Latency (ms), PPL|
LLaMA LLM 700M 2.08 (1.00x) 1.18 (1.00x) 12.33
BitNet b1.58 700M 0.80 (2.60x) 0.96 (1.23x) 12.87
LLaMA LLM 1.3B 3.34 (1.00x) 1.62 (1.00x) 11:25
BitNet b1.58 1.3B 1.14 (2.93%) 0.97 (1.67x) 11.29
LLaMA LLM 3B 7.89 (1.00x) 5.07 (1.00x) 10.04
BitNet b1.58 3B 2.22 (3.55x) 1.87 (2.71x) 9.91

BitNet b1.58 3.9B 2.38 (3.32x) 2.11 (2.40x) 9.62

Table 1: Perplexity as well as the cost of BitNet b1.58 and LLaMA LLM.

All models are trained with 100B tokens on Redpajama dataset.



03 Experiments

« As the model size grows, the gap between 1.58-bit and FP16 narrows
 BitNet b1.58 matches FP16 LLM with 3B parameters and 100B tokens.

Models Size ARCe ARCec HS BQ O0Q PQ WGe Avg.

LLaMA LLM 700M  54.7 23.0 370 60.0 202 689 548 455
BitNet b1.58 700M  51.8 214 35.1 582 20.0 68.1 552 443

LLaMA LLM 1.3B 56.9 235 385 59.1 216 700 539 46.2
BitNet b1.58 1.3B 54.9 242 3777 5677 19.6 68.8 558 454

LLaMA LLM 3B 62.1 256 433 618 246 721 582 49.7
BitNet b1.58 3B 61.4 283 429 615 266 715 593 50.2
BitNet b1.58  3.9B 64.2 28.7 442 635 242 732 60.5 51.2

Table 2: Zero-shot accuracy of BitNet b1.58 and LLaMA LLM on the end tasks.

All models are trained with 100B tokens on Redpajama dataset.



04 Inference cost

» Implemented with an INT8 x INT2 kernel on 80G A100 cards.
« Compared with 70B LLaMA, BitNet b1.58 has:

« 4x decoding Latency, only 14% memory consumption;

10°

BitNet b1.58 102 BitNet b1.58
m— | LaMA 10x | LaMA 16x
w )
£ ©
> 10! >
e 210’
B [
3 s

D.93x L

L

1.3B 3B 7B 13B 70B 1.3B 3B 78 13B 70B
Model Size Model Size

0
10 10°

Figure 2: Decoding latency (Left) and memory consumption (Right) of BitNet b1.58 varying the
model size.

https://github.com/microsoft/BitBLAS/tree/main/integration/BitNet



04 Inference cost

» Implemented with an INT8 x INT2 kernel on 80G A100 cards.
« Compared with 70B LLaMA, BitNet b1.58 has:

« 4x decoding Latency, only 14% memory consumption;
« 9x throughput, 11x maximum batch size.

Models Size Max Batch Size Throughput (tokens/s)
LLaMA LLM 70B 16 (1.0x) 333 (1.0x)
BitNet b1.58 70B 176 (11.0x) 2977 (8.9x)

Table 3: Comparison of the throughput between BitNet b1.58 70B and LLaMA LLM 70B.

https://github.com/microsoft/BitBLAS/tree/main/integration/BitNet



04 Inference cost

» Implemented with an INT8 x INT2 kernel on 80G A100 cards.
« Compared with 70B LLaMA, BitNet b1.58 has:

« 4x decoding Latency, only 14% memory consumption;
« 9x throughput, 11x maximum batch size.

« New scaling law as for performance and inference cost:
« 13B BitNet b1.58 is more efficient than 3B FP16 LLM;
« 30B BitNet b1.58 is more efficient than 7B FP16 LLM;
- 70B BitNet b1.58 is more efficient than 13B FP16 LLM.



05 Scaling with more data

« 3B BitNet b1.58 with 2T tokens:

Models Tokens Winogrande PIQA SciQ LAMBADA ARC-easy Avg.
StableLM-3B 2T 64.56 76.93  90.75 66.09 67.78 73.22
BitNet b1.58 3B 2T 66.37 78.40 91.20 67.63 68.12 74.34

Table 4: Comparison of BitNet b1.58 with StableLM-3B with 2T tokens.

The results of Stable-3B are from their reports.
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01 Scaling Native 1-bit LLM

 BitNet b1.58 2B — the first native 1-bit LLM
« 1.58-bit weights & INT8 activations
« Squared RelLU
 Available at https://huggingface.co/microsoft/bitnet-b1.58-2B-4T
« Inference framework (bitnet.cpp): https://github.com/microsoft/bitnet

* Pre-training
« Data sources: DCLM, Fineweb-EDU, Synthetical math data, etc.
« 4T tokens
« Two-stage Ir & weight decay scheduling

« SFT & DPO

« Large learning rate
« Training longer in SFT


https://huggingface.co/microsoft/bitnet-b1.58-2B-4T
https://github.com/microsoft/bitnet

02 Evaluation

« Comparable to Qwen2.5-1.5B on benchmarks

 Lower inference cost
« Memory footprint: 0.4GB
« CPU Latency*: 29ms
« AOE energy: 0.028)

*For each model, we generated 128 tokens and report the average latency per token
on a Surface Laptop Studio 2 powered by a 13th Gen Intel Core i7-13800H processor

Benchmark g, | PEAMA 32 Gemma-3 Qwen2S SmolLM2 MiniCPM | BitNet b1.58
| 1B 1B 158 L.78 2B 2B
“:“ Y 2GB 4GB 26GB  32GB  48GB 0.4GB
lv.uwncy 48ms 4ims 65ms 67ms 124ms 29ms
{CPLUTPOT)
l‘-nerg.\l' 0.258] 0.186] 03471 0.425) 0.649] 0.028]
tEslmned)
Training Tokens 9T T 18T nr LT aT
(Pre-traimang ) | (prening & dstillaton) u!n-l:il.llnml .
'\'ff‘ct‘“"“"g“ 37.80 840 4667 4352 44.80 49.91
(Osshot; Accnorm)
e 63.17 63.13 7601 6292 7214 74.79
SeaoRiA 34.80 3880 4080  46.00 40.20 41.60
shot, Acc moem)
B:’“'? : 64.65 74.22 78.04 75.78 80.67 80.18
e i 60.80 5769 6828 7171 70,81 68.44
(O-shot; Accnorm)
(- h':l?Al W) 74.21 71.93 16il2 %:1 E6 o,
TiatKede 59.51 5848 6283 6898 61.80 71.90
(“’"‘:::‘:"*“3$QA 58.48 42.10 76.41 63.55 71.74 71.58
AraIen 43.80 866 4667  39.90 4141 45.31
trlllag:\ 37.60 23.49 38.37 45.97 34.13 33.57
(Seshot, EM)
MLU
MMLL po 3991 6025  49.24 51.82 53.17
(S-shot, Acc) |
oy 31.10 3720 5060  28.00 43.90 38.40
(O-shot; Pansd® )
GSMEK 38.21 316 5679 45.11 4.40 58.38
(deshot: EM)
MATH-500 23.00 4200  53.00 17.60 14.80 43.40
(D-shen. EM)
IFEval 6271 6667 5012 5791 36.81 53.48
((-shot: Instruct-Serict)
f‘:"’f"“" 5.43 6.40 6.12 5.50 6.57 5.85
(Oeshax; 4 \Cf;lg("
Average | 44.90 4374 5523 48.70 4205 | 5419

Table 1: Comparison of BitNet b1.58 2B4T with leading open-weight full-precision LLMs of similar
size (1B-2B parameters) on efficiency metrics and performance across a wide range of benchmarks.

All models compared are instruction-tuned versions.



02 Evaluation

« Comparable to Qwen2.5-1.5B on benchmarks
 Lower inference cost

. Fate _ Qwen2.5 BitNet b1.58
Memory footprint: 0.4GB Benchmark oo | 1 <y pevc 1 SB GPTQ-intd  1.5B-AWQ-intd =
- CPU Latency*: 29ms Memory
« AOE energy: 0.028J (Non-emb) i e A e
Activation bf16 bf16 bf16 int8
« Qutperforms Qwen2.5-1.5B (INT4) TR P —p — —
« PTQ leads to significant loss on Math task g ' ' '
56.79 50.57 50.64 58.38
(4-shot; EM)
gt 50.12 47.84 45.44 53.48
(0-shot: Instruct-Strict)
Average | 55.72 3215 V.19 | 55.01

Table 2: Comparison of BitNet b1.58 (2B) against Qwen2.5 1.5B in its original bf16 precision and
after INT4 post-training quantization (GPTQ and AWQ). All models shown are based on instruction-

tuned checkpoints.



02 Evaluation

Comparable to Qwen2.5-1.5B on benchmarks

. T — Bonsai OLMo-Bitnet] Falcon3-1.58bit Llama3-8B-1.58 | BitNet b1.58
Lower inference cost Mewo) | "g'sp 1B 78 $B 28
« Memory footprint: 0.4GB s B & al x 1 7
ARC-Challange 3 n 3
. CPU Latency*: 29mS B dorcnras 33.19 26.54 37.80 43.69 49.91
ARC-Easy ) )
. AOE energy: 0.028) S ] 5805 25.38 65.03 70.71 74.79
OpenbookQA
33.60 28.20 38.20 37.20 41.60
0-shot; Acc,norm
Outperforms Qwen2.5-1.5B (INT4) T
e e 58.44 52.48 72.14 68.38 80.18
. izt
PTQ leads to significant loss on Math task HelaSwag | 4o s s 556 -
ourtQA | 70,02 50.49 72.36 75.30 77.09
Pre-training is essential for 1-bit models WicGonde | 5o45  stsa 60.14 60.93 71.90
C""‘::"l“l‘i\“beA 18.43 19.49 67.08 28.50 71.58
TuthlQB. | pmps 49.05 43.29 39.13 4531
(10-shot; MC2)
TrngaQn 10.84 0.00 0.00 19.82 33.57
(5-shot; EM)
MMLL 25.74 25.47 42.79 35.04 53.17
(5-shot; Acc)
Average | 41.06 3222 50.76 49.75 | 60.68

Table 3: Performance comparison of BitNet bl.58 ZB4T against other open-weight 1-bit models.
This includes natively trained 1-bit models (Bonsai-0.5B, OLMo-Bitnet-1B) and larger models post-
training quantized to 1.58-bit (Falcon3-1.58bit-7B, Llama3-8B-1.58).
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01 Paradigm shift in 1-bit LLMs

« Memory-bound -> Compute-bound

« Activation Sparsification
« Settings: single/small-batch

 Expert-level (MoE), FFN-level (Powerlnfer),|Linear-level (Q-Sparse)

« Activation Quantization
« Settings: large-batch
« 4-bit activation

N

Exponential scaling law with regards to activation sparsity

3.657

3.9/ 300M ~— Dense Baseline
‘700\1 3.601 — Top 70% Activated
3.81 1.38 Top 50% Activated
s w 39
o 3.7 N
=l 3.501
B -
- il
. 3
3.5
L - - —— — . - .40~ - - -
300M 1.38 78 10% I0% S0% 70% 1008 1508 2008 2508
Maodel Size (N) Sparsity Ratio (S) Training Tokens (D)

Figure 4: The scaling curves of the sparsely-activated models regrading to the model size given a fixed sparsity ratio S
(Left), and regrading to the sparsity ratio given a fixed model size N (Right).



02 Challenge

Gaussian-like shape, suitable for quantization!

« Distinct distributions in LLMs

« QOutliers emerges
« as the model size grows
« as the training progresses

(a) Wy of BitNet b1.58  (b) W, of BitNet b1.58  (¢) Wp gae Of BitNet b1.58 (d) W gown of BitNet b1.58

Outliers, suitable for sparsification

« Challenges posed by outliers — —

« Down proj is very sensitive to INT4 Act - | ~
« Gradient approximation

-15-1.0-0500 05 1.0 15

(c) W, of Bi




02 Challenge

I

t

Down xL
[ [ ] ' 4 Out 1
8-bit Quantization Feed-Forward
. . . . . . : Network [ B-bitQuantizationJ
» Distinct distributions in LLMs A Norm : (TopK Sparsication)
&
é[ _ Eu‘l ] r:\ultl-Head ‘ RMS lNorm |
: = ttention f )
» Outliers emerges  ow | Game | | Atention
+ as the model size grows f , | .
. . [A-bitQuantization] S E— (4-anuamizauon]
- as the training progresses : { Deauantaaton | ,
RMS Norm | (s i sh 3 ‘ RMS;‘lorm |
t V | Vs}eights
« Challenges posed by outliers ‘ Activations

« Down proj is very sensitive to INT4 Act

. . . 25 B 14
- Gradient approximation | —e— INT4, Swish —— FP4, Swish
~— |INT8, Swish 13 = INT8, Swish |
. . . 2011} —e— INT8, ReLU?
» A direct solution: BitNet a4.8 5 | 112
Paper + Hybrid quantization and sparsification  “ 15/ | 11
@:sk4:E © Cont-train from BitNet b1.58 with small cost 3
5 %« Act. quantizer: absmean 10
3 0 10B 20B 30B 40B 508 90 108 208 308 40B 508
(@) E ik #Tokens #Tokens



Models Size PPL), ARCc? ARCe? HST PQT WGel Avg?

LLaMA LLM 11.44  27.13 4327 4470 68.12 5399 4744
BitNet b1.58 700M 1232 25.00 4268 4208 6697 5414 46.17

BitNet ad.8 (FP4) 1240  25.17 4268 4236 6627 5296 45.89
a enge BitNet ad.8 1240 25.17 4158 4244 6638 53.04 4572

LLaMA LLM 10.82 27.90 45.16 4765 6991 5335 48.79
BitNet b1.58 1 3B 11.27 27.65 4533 46.86 6839 5406 4846
BitNet a4.8 (FP4) - 11.38 28.50 4436 47.03 68.61 5406 4851
BitNet a4.8 11.35 28.50 44.15 4698 6834 54.14 4842
1 1 1 1 1 1 LLaMA LLM 9.61 29.95 48.11 5525 71.76 5746 5251
* DIStInCt dIStrIbUtlonS In LLMS BitNet b1.58 IB 9.97 29.27 4941 5442 7089 5754 5230
BitNet ad4.8 (FP4) ’ 9.99 20.10 49.24 5460 7138 56.12 52.08
BitNet a4.8 9.97 28.33 4958 5462 71.16 5438 51.61
. LLaMA LLM 9.20 33.36 51.22 5833 7334 5841 5493
° Outl lers emerg es BitNet b1.58 7B 9.24 32.00 5088 5979 7296 59.83 55.09
. BitNet a4.8 (FP4) 942 31.57 51.22 5820 7247 5959 5461
 as the model size grows BitNet a4.8 937 3166 5088 5878 73.01 5935 54.74
e as the training progresses Table 1: Perplexity and results of BitNet a4.8, BitNet b1.58 and LLaMA LLM on the end tasks. The
standard variance of error for average scores is 1.06%.
° Cha”enges posed by Outllers Models Activated QKV Out Up Gate Down Overall
.. el LLaMA LLM 679M 0.0 00 00 00 0.0 0.0
* Down proj is very sensitive to INT4 Act BitNetb1.58  638M 12 59 12 12 218 62
« Gradient approximation BitNet a4.8 390M 12.1 500 662 12.1 80.9 42.5
LLaMA LI.M 1.2B 0.0 0.0 0.0 0.0 0.0 0.0
BitNet b1.58 1.1B 1.3 58 1.2 1.2 22.8 6.4
. . . BitNet a4.8 0.7B 120 500 659 12.1 81.8 42.7
Y [ ]
A dlreCt SOIUtIon' BItNet a4°8 LLaMA LLM 3.2B 0.0 00 00 00 0.0 0.0
: : : ' : BitNet b1.58 3.0B 1.4 7.1 1.3 1.3 30.0 8.2
[ ]
Paper Hybrld q.uantlzatl?n and sparsﬂflcatlon BitNet a4.8 1.8B 12.1 500 70.7 12.1 85.6 44.7
@ i::fzzii:i’ii'*i';"@ ® Cont-tl‘aln from BltNet b1 .58 Wlth Sma" cost LLaMA LLM 6.5B 0.0 0.0 0.0 0.0 0.0 0.0
i - : . BitNet b1.58 6.0B 1.7 11.2 14 1.4 242 7.3
Act. quantizer: absmean BitNet a4.8 3.4B 121 500 714 120 842 44.5

Table 2: Detailed sparsity of BitNet a4.8, BitNet b1.58 and LLaMA LLM on the valid set of C4.



03 BitNet v2: Native 4-bit Act. for 1-bit LLM

« H-BitLinear

« Add Hadamard Transform
before activation quantization

« BitNet v2

« Down proj, o_proj use H-BitLinear

« Other projs use BitLinear

« Training

FJ€-BitLinear

!

|—~ Dequantization
1.58-bit
Weights

Quantization

T

Hadamard Transform
f
RMS Norm
t

« INT8 training, absmax quantizer (~95%)

« INT4 training, absmean quantizer (~5%)

Abs Value
e =
N =

* #Dim
To’@/:

BitNet v2

[ BitLinear ] [ BitLinear ]

W

#T"ke:;

(a) W, of BitNet b1.58 (b) Wown of BitNet b1.58

"

Feed-Forward
Network

—

Attention

(c) W, of BitNet v2

Multi-Head
41 [ Attention ]

' f f f
[ BitLinear ] [ BitLinear ] [ BitLinear ]
1 j

Abs Value
Abs Value

#Dim #Dim

#T"ken #Token

(d) Wdown of BitNet v2



03 Experiments

« BitNet v2 (a8) matches BitNet b1.58,

BitNet v2 (a4) matches BitNet a4.8

Models Size PPL| ARCcl ARCe? HST PQT WGel LBAT Avg!
BitNet b1.58 13.37 2432 43.01 3951 6491 5193 4551 4487
BitNet a4.8 A00M 13.61 24.15 41.75 3948 65.18 53.59 4434 4475
BitNet v2 (a8) 13.50 2329 43.06 39.06 64.74 50.59 45.26 44.33
BitNet v2 (a4) 13.78 2329 4146 3833 6545 5059 44.56 4395
BitNet b1.58 11.02 2790 4958 4885 69.80 5580 54.12 51.01
BitNet a4.8 13B 11.15 2747 4920 48.72 69.64 56.51 53.85 50.90
BitNet v2 (a8) 11.14 2790 4996 48.37 6942 57.22 54.14 51.17
BitNet v2 (a4) 11.33 2756 4958 48.00 68.23 5549 53.58 5041
BitNet b1.58 971 2884 5480 56.39 71.44 59.35 6047 5522
BitNet a4.8 3B 9.80 29.01 5501 5592 71.76 59.59 59.85 55.19
BitNet v2 (a8) 972 3055 5556 5719 7133 5872 6090 35571
BitNet v2 (a4) 9.85 2892 5501 56.59 71.65 59.67 60.74 5543
BitNet b1.58 9.09 31.74 5951 61.49 7437 5998 61.63 58.12
BitNet a4.8 7B 9.16 3191 59.09 61.06 74.16 59.67 61.54 57091
BitNet v2 (a8) 9.14 3294 5854 61.08 74.10 6148 64.22 58.73
BitNet v2 (a4) 924 3242 58.00 60.71 7427 60.85 63.52 58.30

Table 1: Perplexity and results of BitNet v2, BitNet a4.8 and BitNet b1.58 on the end tasks.



1-bit Quant 4-bit Quant

I 3 |
 BitNet v2 (a8) matches BitNet b1.58,

BitNet v2 (a4) matches BitNet a4.8 1-bit Quant 4-bit Quant

BitNet v2: :
) ) Weight Rotat Act.
+ Comparison with PTQ

« 1.58-bit weights are sensitive to PTQ
Models PPL| ARCc] ARCel HS! PQT WGel LBAT Avgl 4-bitQuant 4-bit Quant

w/o fusing rotary matrix to Wy, up eate .
QuaRot wi6-A4 13.52  26.28 4743 4592 65.89 51.46 4234  46.55 Weight Rotate Podll Rotate Act.
SpinQuant 13.52 25.60 47.35 45.52 67.25 52.49 42.52 46.79

QuaRot /1.58-44 20.83 24.74 40.78  40.54 6289 4933  36.89 4253
SpinQuant 19.80 24.74 40.19  40.77 6273  52.09  39.24  43.29
BitNet v2 (a4) 11.33 27.56 4958 48.00 68.23 5549 5358 5041

03 Experiments

X

Table 4: Perplexity and zero-shot accuracy of BitNet v2, QuaRot and SpinQuant on the end tasks.

[ | Trainable [ Frozen




03 Experiments

« BitNet v2 (a8) matches BitNet b1.58,
BitNet v2 (a4) matches BitNet a4.8

« Comparison with PTQ
« 1.58-bit weights are sensitive to PTQ

- Ablations

« Weight rotation is unnecessary

. o 1.3B 3B
Methods #Bits Acct PPLL | Acct PPLY
No rotation diverged diverged
Weight & activation rotation | W1.58A8 | 5047 11.14 | 55.55 9.69
Activation rotation 3116 11.14. | 35.71 9.2
No rotation diverged diverged
Weight & activation rotation | W1.58A4 | 50.09 11.33 | 5498 9.8l
Activation rotation 5041 1133 | 5543 9.85

Table 5: Ablations on the Hadamard transformation of H-BitLinear across various sizes.



1-bit LLM Family

« Models

« BitNet b1.58 2B4T (by Microsoft)
« Falcon-3 and Falcon-E (by TII)

« Llama3-8B-1.58-100B-tokens (by HuggingFace)

 Inference framework
« BitNet.cpp (GPU/CPU)
« BitBLAS (GPU)
« T-MAC (CPU)

BitNet bl paper BitNet b1.58 paper

EI ST E) R e
pyrtt gt 8 It 53 by

P X FE’:, ,; : ?;’:s‘z?h'ﬁ-’"* oo TR

it mﬂ* S E!- -‘fiﬁ!‘:
: i ot s . "i.i'!;..x'
: e’ 3% . . .
F :E .".'“-ou..o.olbo o

; ;.._:... #i: £ .i-»i ;i o S
@]k O] by

BitNet b1.58: Tips,
Code and FAQ

:-x:.xz..?:
el ;-bo

ooooo

oele 2. e
!8 8 1o 8 .."3 888 t.tﬂ e+
3033 . "ot odieed 3
~ & 8‘ . 83 3%

H s e de
() B ..:3,.
- LI U

,.x....,z,
s b e

« Hardware
e Slim-Llama

BitNet a4.8 paper

BitNet v2 paper

Q-Sparse paper
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https://huggingface.co/collections/microsoft/bitnet-67fddfe39a03686367734550
https://huggingface.co/collections/tiiuae/falcon3-67605ae03578be86e4e87026
https://huggingface.co/collections/tiiuae/falcon-edge-series-6804fd13344d6d8a8fa71130
https://huggingface.co/HF1BitLLM/Llama3-8B-1.58-100B-tokens
https://github.com/microsoft/BitNet
https://github.com/microsoft/BitBLAS/tree/main/integration/BitNet
https://github.com/microsoft/T-MAC
https://ieeexplore.ieee.org/abstract/document/10904761

Takeaway
@ As the model size grows, the gap between 1-bit and FP16 LLM narrows.
@ BitNet matches FP16 LLM staring from 3B parameters and 100B tokens.

® New scaling law as for performance and inference cost.
« 70B BitNet b1.58 is more efficient than 13B FP16 LLaMA (latency, memory, energy)

@ 1-bit models open the door to Next-Gen hardware for LLM.

® Scaling laws closely tied to specific architecture and its training recipe.
Optimization is critical for low-bit models!



