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BitNet: Scaling 1-bit Transformers
for Large Language Models
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Figure 2: (a) The computation flow of BitLinear. (b) The architecture of BitNet, consisting of the
stacks of attentions and FFNs, where matrix multiplication is implemented as BitLinear.
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BitNet: Scaling 1-bit Transformers
for Large Language Models
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for Large Language Models
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BitNet: Scaling 1-bit Transformers

for Large Language Models

def activation_quant(x):

C

scale = 127.0 / x.abs().max(dim=-1, keepdim=True).values.clamp_(min=1e-5)
y = (x * scale).round().clamp_(-=128, 127) / scale
return y

z = Quant(z) = Clip(x x %, —Qp+€,Qp — €),

Clip(z, a,b) = max(a, min(b, z)), v = |||,
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def weight_quant(w):

W = Sign(W — «),

. +1, W, >0,
Sign(Wij) = { —1, if Wj <0

scale = w.abs().mean()

e =w.meani) 1
u=(w —e).sign() = scale o = — E W .
return u nm “

Figure 5: Pytorch code for the BitLinear component in BitNet bl.
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BitNet: Scaling 1-bit Transformers
for Large Language Models
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class BitLinear{nn.Linear):
[his is only

def forward(self, x):

w = self.weight # a
x*_norm = RMSNorm(x)
X_quant = x_norm + (activation_guant(x_norm) = x_norm ).detach()
w_quant = w + (weight_quant{w) — w.detach()

vy = Flinear(x_quant, w_quant)

refurn y

2025-03-28 Copyright 2025. B4 All rights reserved 12
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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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The Era of 1-bit LLMs: All Large
Language Models are in 1.58 Bits
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The Era of 1-bit LLMs: All Large
Language Models are in 1.58 Bits

def weight_quant(w):
Per-tensor quantizati

scale = w.abs().mean()

e = w.mean()

u = (w — e).sign() = scale
return u
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def weight_quant({w):

scale = 1.0/ w.abs().mean().clamp_{min=1e-3)
u = (w = scale).round().clamp_(=1, 1} / scale

1.58Bit
W = RoundClip( d ,—1,1),
Y+

RoundClip(z, a, b) = max(a, min(b, round(zx))),
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The Era of 1-bit LLMs: All Large
Language Models are in 1.58 Bits
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Figure 1: 1-bit LLMs (e.g., BitNet b1.58) provide a Pareto solution to reduce inference cost (latency,
throughput, and energy) of LLMs while maintaining model performance. The new computation
paradigm of BitNet b1.58 calls for actions to design new hardware optimized for 1-bit LLMs.

FP16: Mul ->Add
1.58Bit: Switch -> Add
(GHXI1SF QL7 |EI X O1AE & HIZ GPU(TensorCore 0l4) 282 X)
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The Era of 1-bit LLMs: All Large
Language Models are in 1.58 Bits

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 (2.93x) 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) 9291
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.

Models Size ARCe ARCec HS BQ OQ PQ WGe Avg
LLaMA LLM 700M 54.7 23.0 37.0 600 202 68.9 548 455
BitNet b1.58 700M  51.8 214 351 582 20.0 68.1 552 443
LLaMALLM 1.3B 56.9 23.5 38,5 59.1 216 70.0 539 462
BitNet b1.58 1.3B 54.9 242 377 567 19.6 68.8 558 454
LLaMA LLM 3B 62.1 256 433 61.8 246 721 582 497
BitNet b1.58 3B 61.4 283 429 615 266 715 593 50.2
BitNet b1.58 3.9B 64.2 28.7 442 635 242 732 605 512

Table 2: Zero-shot accuracy of BitNet b1.58 and LLaMA LLM on the end tasks.
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The Era of 1-bit LLMs: All Large
Language Models are in 1.58 Bits

102 :
BitNet b1.58 102 BitNet b1.58
— L aMA .10x m— LLaMA \16x
7 2
E g}
g 1014 glol
100‘ ‘ 100_
1.3B 3B 7B 13B 70B 1.3B 3B 7B 13B 70B q * } *I E
Model Size Model Size
Figure 2: Decoding latency (Left) and memory consumption (Right) of BitNet b1.58 varying the * F A
model size. o 3
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 LLLLaMA L.LLM 70B.

2025-03-28 Copyright 2025. B4 Al rights reserved 18
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The Era of 1-bit LLMs: All Large
Language Models are in 1.58 Bits

BitNet b1.58
1
0.5 INT8 Add 100 o Llama
I FP16 Add 12

@ 0.4 FP16 Mul -
= = 100
8 ~ 10
Y 0.3 g‘
& 71.4x g
[
5 0.2 10-1
E
=
™01

0.0 1.3B 3B 7B 13B 70B

’ BitNet b1.58 LLaMA Model Size

Figure 3: Energy consumption of BitNet b1.58 compared to LLaMA LLM at 7nm process nodes. On
the left is the components of arithmetic operations energy. On the right is the end-to-end energy cost
across different model sizes.

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 7840 91.20 67.63 68.12 74.34

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

uintd_t* i2_weight = (uintd_t*)dst;
for int 1 =@; 1 < n / QK_I2; i++) {
| for (int j = @; j < QK_I2; j++) {
int group_idx = j 7 32;
int group_pos = j % 32;
uintd_t temp = (g8[i * QK_I2 + j] << {6 - 2 * group_idx));
i2 weipht[i * 32 + group_pos] |= temp;

https://github.com/microsoft/BitNet/blob/main/src/ggml-bitnet-mad.cpp

2025-03-28 Copyright 2025. EEHS Al rights reserved 21
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CPU Kemel | 125M  350M  700M 1B 5B 25B  38B 7B 13B 30B 70B  100B
lamacpp | 43440 186.56 11447 8560 6095 3973 2831 1561 879 3.78 171 N/A

APPLE M2 it 59343 28151 19438 16945 11924 9621 84.77 5236 33.78 17.07 8.67  6.58
PP (137%) (151x) (170x) (1.98x) (1.96x) (242x) (2.99x) (335x) (3.84x) (451x) (5.07%) (N/A)

Intel (7137001 | Mamacpp | 16404 5667 3073 2231 1502 1107 585 3.30 1.78 N/A N/A  N/A
2’32 g G bitnete 380.08 17295 119.08 86.50 67.12 4633 3051 18.75 1099  5.10 244 1.70
PP 037x) (305x) (3.88x) (3.88x) (447x) (4.19x) (5.22x) (5.68x) (6.17x) (N/A) (N/A) (N/A)

Table 4: Comparison of inference speed across different CPUs (Unit: Tokens/Second) in an unlimited
thread setting. "N/A" indicates that the tested CPU cannot host the specified model size with the

given kernel.

CPU Kernel 700M 7B 70B
llama.cpp 0314 3.013  28.02

APPLE M2 bitnet.cpp 0.140 1.068  8.42
saving 554% 64.6% 70.0%

Intel 7-13700H llama.cpp 1367 11305 N/A

ntel i7- .

20C 64G bitnet.cpp 0.384 2.017 17.33
saving 719% 822%  N/A

Table 6: Comparison of Energy Costs Across CPUs (Unit: J/Token). "N/A" indicates that the specific
model size cannot be hosted on the tested CPU with the given kernel.
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Lossless BitNet b1.58 Inference
on CPUs

Model Inference on Intel i7-13700H 20C 64G

—== Human Reading Speed (5-7 tokens/sec)
(389.08) m llama.cpp
2.37x i
4064 I bitnet.cpp (ternary)
Energy Cost (700M Model) 500 Energy Cost (70B Model)
350 A 144 1367
1751 17.33
= 1.2
S 300 A 15.0 1
8 —~ 1.0 1
e g - 12.5 4
2 : 71.9%
S 250 Sos8
X 2 10.0 1
S S
= 306
|- 172.95 goe s
=2 (3.05x) 04 0.384 oo
o 164.04 '
2 150 1308
= 88x N/A
86.50 0.0 . 0.0 T
56 (3.88x) (67.12) llama.cpp bitnet.cpp llama.cpp bitnet.cpp
4.47x
46.33 Human Reading Speed
56.67 (4.19x) 30.51
50 - (5.22x) 18.75 10.99
30.73 5.68) (617
.17x)
22.31 15.02 11.07 5.10 2.44 1.70
_____ - - - s - --- - i e 4 I RO DS . P S———
0 - . T — ;
125M 350M 700M 1B 1.5B 2.5B 3.8B 7B 13B 30B 70B 100B
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Model Inference on Apple M2 Ultra

-== Human Reading Speed (5-7 tokens/sec)
593.43 llama.cpp
(1.37x) EEE bitnet.cpp (ternary)
600 -
05 Energy Cost (700M Model) Energy Cost (70B Model)
30
it 28.02
047 25 1
434.40 _ 0.314
400 3 031 1 0
S 55.4% 70.0%
§ ls 4
281.51 $%e]
300 4 (1.52x) & 0.140 -
8.42
0.1
194.38 51
(1.70x)  169.45
200 4 185.56 (1.98x) 0.0 - 0 :
119.24 ‘ llama.cpp bitnet.cpp llama.cpp bitnet.cpp
(1.96x) 96.21
84.77
114.47 (2.42x) (2.99x) Human Reading Speed
100 - 85.60 ’ 52.36
60.95 (3.35x) 33.78
: 28.31 (4.52x)  (5.07x) 6.58
15. 61 8.79 378 171 s
o E=xs= - —_— —— - — —— ——— ——— - ————-d— - - — e —---——‘- ------- .--- e o e i
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BitNet a4.8:
4-bit Activations for 1-bit LLMs
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Figure 1: The overview of BitNet a4.8 with both weight and activation quantization. All the param-
eters are ternery (i.e., 1.58-bit as in BitNet b1.58 [MWM " 24]). We use a hybrid quantization and
sparsification strategy to deal with outlier activations in certain Transformer sub-layers.
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Figure |: Q-Sparse achieves a superior inference-optimal scaling law than the dense models. It saves
significant compute of matrix multiplication by top- /X sparsification of the activations.

2025-03-28 Copyright 2025. B4 Al rights reserved



NNNNNNNNNNNNNNNNNNNNNNN

P) Graduate School of Data Science == L. Grow e

4-bit Activations for 1-bit LLMs

. t:lAl-["'QII'IIL

BitNet a4.8:

A4.8

Y = (QIN'I‘S(X) OM) - Qm(W)Ta M = Tﬂpk(‘XD

1.58

Gl

y = Wz = W Quant(LN(z)) x
Qb

—F 1
LN() = =28 5 Ly,
/ Var(z) + € nm
W = RoundClip( id ,—1,1),
Y+

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

1
— W;.|.
g nm ; | .,'l

2025-03-28

Copyright 2025. B854 Al rights reserved

30



NNNNNNNNNNNNNNNNNNN

: ) rest ELAFCH T}
P Graduate School of Data Science == [ o e

El

3

BitNet a4.8:

4-bit Activations for 1-bit LLMs

1.58Bit LinearE & &gt LLMUWIX ProjectionM 9] 212430 2=
IR EREE 210 U2,

=0l £3& Activation0] 0Z2 M0l =21 A0, TF SHHOI ZH=0]
0| AT 1 UZ.0l= full- precisionH M OFEEIFXI.

012 1< QuantizationS 8ot TIH QEIF HH HelJ| =0
Quantization(il &t k= OIA.

Ol0N M2t 2k S2H0| EXLO| EHU ZHAH L= H Mol 852
=0et A1,

0| -
— -

N

2025-03-28 Copyright 2025. B4 All rights reserved

31



-
PUSAN NATIONAL UNIVERSITY

P Graduate School of Data Science |

BitNet a4.8:
4-bit Activations for 1-bit LLMs

I 1
Down %L , t :
£ ‘ Out ‘

1

( FFN Down I] Feed-Forward
Network
' { Attn Out J

RMS Norm

» -
- . |
] _ Multi-Head RMSNorm |
( Re lf u® ) Attention s 1 .
N ( \ g >
Up ‘ Gate Attention
. = J - - ~J < J
([ FRN Up o FFN Gate ) ==
 4-bit QuantizationJ o S [ Attn QKV J
I l—’ equantlzatlon | ” T :
RMS Norm ( ) u RMS Norm ‘
) 1.58-bit 1
t Weights
< 74
Activations

Figure 1: The overview of BitNet a4.8 with both weight and activation quantization. All the param-
eters are ternery (i.e., 1.58-bit as in BitNet b1.58 [MWM *24]). We use a hybrid quantization and
sparsification strategy to deal with outlier activations in certain Transformer sub-layers.
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Figure 2: The distribution of the inputs to each projection. The visualization is conducted with a e e e B
7B BitNet b1.58 model on a subset of the valid set of C4. For the layers that exhibit Gaussian-like Fi 3. The distribution of the i o th ection of 2 . ith diff -
distributions, we employ 4-bit activation quantization. For the layers which distributions are sharp, igure 5: Bhe distribution of the inputs to the output projection of attention with difierent quantization
we adopt Q-Sparse [WMWW24] to perform sparsification on the activations and sparsification. The visualization is conducted with a 7B BitNet b1.58 model on a subset of the

valid set of C4.
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Models Size PPL| ARCct ARCet HST PQT WGet Avgt
LLaMA LLM [1.44 2713 4327 4470 68.12 5399 47.44
BitNet b1.58 oo 1232 2500 4268 4208 6697 5414 46.17
BitNet ad.8 (FP4) 1240 2517 4268 4236 6627 5296 45.89
BitNet a4.8 1240 2517 4158 4244 6638 53.04 4572
LLaMA LLM 10.82 2790  45.16 4765 6991 5335 48.79
BitNet b1.58 [ 3g 1127 2765 4533 4686 6839 5406 4846
BitNet ad.8 (FP4) 1138 2850 4436 47.03 6861 54.06 4851
BitNet a4.8 1135 2850  44.15 4698 6834 54.14 4842
LLaMA LLM 961 2995  48.11 5525 71.76 57.46 5251
BitNet b1.58 s 997 2927 4941 5442 7089 5754 5230
BitNet ad.§ (FP4) 999  29.10 4924 5460 7138 56.12 52.08
BitNet a4.8 997 2833 4958 5462 71.16 5438 51.61
LLaMA LLM 920 3336 5122 5833 7334 5841 54.93
BitNet b1.58 g 924 3200 5083 5979 7296 59.83  55.09
BitNet ad.8 (FP4) 942 3157 5122 5820 7247 5959 54.61
BitNet a4.8 937 31.66 50.88 5878 73.01 5935 54.74

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%.
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o|A2HOO0I Tl H&HOHHE b= HIE)E &30 M AE E = U

Models Activated QKV Out Up Gate Down Overall
LLaMA LLM 679M 0.0 0.0 0.0 0.0 0.0 0.0
BitNet b1.58 638M 1.2 5.9 1.2 1.2 21.8 6.2
BitNet a4.8 390M 12.1  50.0 66.2 12.1 80.9 42.5
LLaMA LLM 1.2B 0.0 0.0 0.0 0.0 0.0 0.0
BitNet b1.58 1.1B 1.3 5.8 1.2 1.2 22.8 6.4
BitNet a4.8 0.7B 120 50.0 659 12.1 81.8 42.7
LLaMA LLM 3.2B 0.0 0.0 0.0 0.0 0.0 0.0
BitNet b1.58 3.0B 1.4 7.1 1.3 1.3 30.0 8.2
BitNet a4.8 1.8B 12.1  50.0 70.7 12.1 835.6 44.7
LLaMA LLM 6.5B 0.0 0.0 0.0 0.0 0.0 0.0
BitNet b1.58 6.0B 1.7 11.2 14 1.4 24.2 7.3
BitNet a4.8 3.4B 12.1  50.0 714 12.0 84.2 44.5

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

2025-03-28 Copyright 2025. B4 Al rights reserved 37



S

PUSAN NATIONAL UNIVERSITY

Graduate School of Data Science :

BitNet a4.8:

4-bit Activations for 1-bit LLMs

2 XtetE KVOHIM 3bitPH 3o 4501 £22 A= & = ULL
Models Size ARCctT ARCet HST PQT WGel Avgt
BitNet a4.8 28.33 4958 5462 71.16 5438 51.61
w/ 4-bit KV 3B 28.24 48.86 5441 71.87 5549 51.77
w/ 4-bit QKV 27.30 4891 5432 7198 56.75 51.85
w/ 4-bit Q, 3-bit KV 28.84 4891 53.87 7095 5635 51.78
BitNet a4.8 31.66 50.88 58.78 73.01 5935 5474
w/ 4-bit KV 7B 31.40 50.93 58.68 73.12 6085 55.00
w/ 4-bit QKV 30.63 5130 5845 7252 5983 5455
w/ 4-bit Q, 3-bit KV 31.14 5093 58.07 7296 59.04 5443

Table 3: Detailed results of BitNet a4.8 with QKYV states varying bit-widths on the end tasks. We
reported the zero-shot accuracy of all models.
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Figure 4: Ablation study on the hybrid quantization and sparsification.
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Figure 5: Ablation study on different quantization or activation function for the inputs to down
projection of FFN.
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