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Abstract

The increasing size of large language models (LLMs) has posed challenges for deployment
and raised concerns about environmental impact due to high energy consumption. Previous
research typically applies quantization after pre-training. While these methods avoid the
need for model retraining, they often cause notable accuracy loss at extremely low bit-widths.
In this work, we explore the feasibility and scalability of 1-bit pre-training. We introduce
BitNet b1 and BitNet b1.58, the scalable and stable 1-bit Transformer architecture designed
for LLMs. Specifically, we introduce BitLinear as a drop-in replacement of the nn.Linear
layer in order to train 1-bit weights from scratch. Experimental results show that BitNet b1
achieves competitive performance, compared to state-of-the-art 8-bit quantization methods
and FP16 Transformer baselines. With the ternary weight, BitNet b1.58 matches the
half-precision Transformer LLM with the same model size and training tokens in terms of
both perplexity and end-task performance, while being significantly more cost-effective in
terms of latency, memory, throughput, and energy consumption. More profoundly, BitNet
defines a new scaling law and recipe for training new generations of LLMs that are both
high-performance and cost-effective. It enables a new computation paradigm and opens the
door for designing specific hardware optimized for 1-bit LLMs.

Keywords: Natural Language Processing, Large Language Models, 1-bit Pre-training,
Efficiency, Model Architecture

1. Introduction

The rapid growth of large language models (Brown et al., 2020; OpenAI, 2023; Chowdhery
et al., 2022; Anil et al., 2023; Touvron et al., 2023a,b) has led to significant improvements in
various tasks. However, it is expensive to host large language models due to the high inference
costs and energy consumption. As the size of these models grows, the memory bandwidth
required for accessing and processing the model parameters becomes a major bottleneck,
limiting the overall inference performance. Moreover, when deploying these models on
distributed systems or multi-device platforms, the inter-device communication overhead can
significantly impact the inference latency and energy consumption. Model quantization has
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emerged as a promising solution, as it can significantly reduce the memory footprint and
computational cost of large-scale models while maintaining competitive performance.

Most existing quantization approaches for large language models are post-training (Dettmers
et al., 2022; Frantar et al., 2023; Chee et al., 2023; Xiao et al., 2023; Shang et al., 2023; Liu
et al., 2023b). They are simple and easy to apply since it does not require any changes to
the training pipeline or retraining the model. However, it will result in a more significant
loss of accuracy especially when the precision goes lower, because the model is not optimized
for the quantized representation during training (Chee et al., 2023; Tseng et al., 2024).
Furthermore, although post-training quantization methods can maintain performance com-
parable to half-precision baselines on language modeling tasks, they often lead to significant
degradation on more challenging tasks, such as mathematical reasoning (Li et al., 2025).
Another strand of quantizing deep neural networks is quantization-aware training (Peng
et al., 2023). Compared to post-training, it typically results in better accuracy, as the
model is trained to account for the reduced precision from the beginning. Moreover, it
allows the model to continue-train or do fine-tuning, which is essential for large language
models. The challenge of quantization-aware training mainly lies in optimization, i.e., the
model becomes more difficult to converge as the precision goes lower. Besides, it is unknown
whether quantization-aware training follows the scaling law of neural language models.

In this work, we focus on the ultra low-bit (i.e., 1-bit) quantization, applied to large
language models. Previous studies on binarized or ternarized neural networks (Rastegari
et al., 2016; Bulat and Tzimiropoulos, 2019; Liu et al., 2021; Zhang et al., 2022; Liu et al.,
2023a) have mostly revolved around convolutional neural networks. Recently, there has
been some research on 1-bit Transformers. However, these studies have focused on machine
translation (Zhang et al., 2023) or BERT pretraining (Liu et al., 2022; Bai et al.; Qin et al.,
2022; Zhang et al., 2020), which is quite different from large language models. For example,
machine translation employs an encoder-decoder architecture, BERT pretraining utilizes a
bidirectional encoder, and large language models use a unidirectional decoder. Furthermore,
large language models are typically scaled up to a much larger model size, while BERT and
machine translation models do not undergo such extensive scaling.

To the best of our knowledge, this work is the first to investigate 1-bit pre-training for
large language models. We propose BitNet b1 and BitNet b1.58, the 1-bit and 1.58-bit
Transformer architecture for large language models, which aims to scale efficiently in terms
of both memory and computation. BitNet employs extremely low-precision weights and
quantized activations, while maintaining high precision for the optimizer states and gradients
during training. Our approach is designed to be scalable and stable, with the ability to
handle large language models efficiently. The implementation of the BitNet architecture is
quite simple, requiring only the replacement of linear projections (i.e., nn.Linear in PyTorch)
in the Transformer. Furthermore, it complements other acceleration methods for large
language models, such as PagedAttention (Kwon et al., 2023), FlashAttention (Dao et al.,
2022; Dao, 2023), and speculative decoding (Leviathan et al., 2023).

We evaluate BitNet b1 and BitNet b1.58 on a range of language modeling benchmarks,
comparing with state-of-the-art quantization methods and FP16 Transformers. Experimental
results demonstrate that BitNet b1 achieves competitive performance. Furthermore, our
experiments show that BitNet b1.58 can match half-precision (i.e., FP16 or BF16) baselines
in terms of both perplexity and end-task performance, starting from a 3B size, when using
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Figure 1: The overview of BitLinear and BitNet. Left: The computation flow of BitLinear.
Right: An example of BitNet, consisting of the stacks of attentions and FFNs,
where matrix multiplication is implemented as BitLinear. BitNet is easily applied
for the other architectures (e.g., SwiGLU).

the same configuration (e.g., model size, training tokens, etc.). Besides, BitNet b1.58 is
much more efficient in terms of memory consumption, throughput and latency compared to
FP16 LLM baselines. More importantly, we show that BitNet follows a scaling law similar
to that of half-precision Transformers, and the gap between FP16 LLM and BitNet becomes
smaller as the model size grows, indicating that it can be effectively scaled to even larger
language models with potential benefits in terms of performance and efficiency.

2. BitNet

As shown in Figure 1, BitNet uses the same layout as Transformers, stacking blocks of
self-attention and feed-forward networks. Compared with vanilla Transformer, BitNet uses
BitLinear (Eq. 9) instead of conventional matrix multiplication, which employs 1-bit or
1.58-bit model weights. We leave the other components high-precision, e.g., 8-bit in our
experiments. We summarized the reasons as follows. First, the residual connections and
the layer normalization contribute negligible computation costs to large language models.
Second, the computation cost of QKV transformation is much smaller than the parametric
projection as the model grows larger. Third, we preserve the precision for the input/output
embedding because the language models have to use high-precision probabilities to perform
sampling.

2.1 BitLinear

For BitNet b1 and BitNet b1.58, we first quantized the weights to {+1,−1} and {+1, 0,−1},
respectively. For BitNet b1, we centralize the weights to be zero-mean before binarization to
increase the capacity within a limited numerical range following Liu et al. (2022). A scaling
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factor β is used after binarization to reduce the l2 error between the real-valued and the
binarized weights. The binarization of a weight W ∈ Rn×m can be formulated as:

W̃ = Sign(W − α), (1)

Sign(Wij) =

{
+ 1, if Wij > 0,

− 1, if Wij ≤ 0,
(2)

where α is 1
nm

∑
ijWij . For BitNet b1.58, we adopt an absmean quantization function

to constrain the weights to -1, 0, or +1. It first scales the weight matrix by its average
absolute value, and then round each value to the nearest integer among {-1, 0, +1}:

W̃ = RoundClip(
W

β + ε
,−1, 1), (3)

RoundClip(x, a, b) = max(a,min(b, round(x))), (4)

β =
1

nm

∑
ij

|Wij |. (5)

We further quantize the activations to b-bit (b=8) precision. Following Dettmers et al.
(2022), we use absmax quantization, which scales activations into the range [Qn, Qp] (Qn =
−2b−1, Qp = 2b−1 − 1) by multiplying with Qp and dividing by the absolute maximum of
the input matrix:

x̃ = Quant(x) = RoundClip(
Qp
γ + ε

x,Qn, Qp) (6)

where γ = ||x||∞. (7)

ε is a small floating-point number that prevents overflow when performing the clipping.
Since the activations are more sensitive to the quantization, in this work, we quantize

the activation to 8-bit and leave lower precision in future work. With the above quantization
equations, the matrix multiplication can be written as y = W̃ x̃. We assume that the elements
in W and x are mutually independent and share the same distribution, and W and x are
independent of each other. Then the variance of the output y is estimated as:

Var(y) = nVar(w̃x̃) = nE[w̃2]E[x̃2] = nβ2E[x̃2] ≈ E[x̃2] (8)

For the half-precision computation, the variance of the output Var(y) is at the scale of 1
with the standard initialization methods (e.g., Kaiming initialization or Xavier initialization),
which has a great benefit to the training stability. To preserve the variance after quantization,
we introduce a normalization (Ba et al., 2016; Zhang and Sennrich, 2019) function before
the activation quantization. In this way, the variance of the output y is then estimated as
Var(y) ≈ E[LN(x̃)2] = 1, which has the same magnitude as the half-precision counterpart
Var(y). In the context of Transformers, it has the exact implementation as SubLN (Wang
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et al., 2022). With SubLN and the quantization methods above, we have BitLinear, which is
formulated as:

y = W̃ x̃ = W̃ Quant(LN(x))× βγ

Qp
(9)

where β is 1
nm ||W ||1 for both BitNet b1 and BitNet b1.58. Figure 1 provides an

illustration of the computation flow of BitLinear. After the SubLN operation, the activations
are quantized with the absmax function. The matrix multiplication is performed between
the 1-bit weights and the quantized activations. The output activations are rescaled with
{β, γ} to dequantize them to the original precision. For the model parallel (Shoeybi et al.,
2019), we conduct the group quantization and normalization to accelerate the training. The
weight and activations are normalized then quantized locally without requiring additional
communication. More details can be found in the Appendix A.1. Furthermore, we also
present the pseudocodes of BitNet b1.58 and BitNet b1 in the Appendix D and E, respectively.

2.2 Model Training

2.2.1 Straight-through estimator

To train our 1-bit model, we employ the straight-through estimator (STE)(Bengio et al.,
2013) to approximate the gradient during backpropagation. This method bypasses the
non-differentiable functions, such as the Sign (Eq. 2) and RoundClip (Eq. 4) functions,
during the backward pass. STE allows gradients to flow through the network without being
affected by these non-differentiable functions, making it possible to train our quantized
model.

2.2.2 Mixed precision training

While the weights and the activations are quantized to low precision, the gradients and
the optimizer states are stored in high precision to ensure training stability and accuracy.
Following Liu et al. (2021), we maintain a latent weight in a high-precision format for the
learnable parameters to accumulate the parameter updates. The latent weights are quantized
on the fly during the forward pass and never used for the inference process.

2.2.3 Training dynamics

The loss curve during high-precision training typically exhibits an exponential shape. How-
ever, the curve observed during 1-bit training often follows an S−shaped pattern. As
illustrated in the left part of Figure 2, there is a significant reduction in loss towards the
end of the training process. A similar phenomenon has been observed in the training of
binarized neural machine translation (Zhang et al., 2023). This suggests that intermediate
evaluations may not accurately predict the final performance of 1-bit LLM training.

Besides, one challenge for the optimization is that a small update on the latent weights
often makes no difference in the low-precision weights. This results in a biased gradient
and update which are estimated based on the ultra low-bit weights. This problem is even
worse at the beginning of the training, where the models are supposed to converge as fast as
possible. To address this challenge, we explore various methods, concluding that increasing
the learning rate is the simplest and best way to accelerate the optimization. Our initial
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Figure 2: The training loss curves of BitNet b1.58. Left: The loss curve of 1.58-bit LLM is
in S−shape. Right: The ablation of the learning rate and weight decay scheduling
for BitNet.

trials revealed that half-precision models did not benefit from a similarly elevated learning
rate. This is likely because the learning rates used for these models have already been
well-tuned by prior work, and increasing them led to instability during the optimization
process.

Halfway through the training process, we decayed the learning rate, a strategy that
yielded better performance in our experiments. As illustrated in Figure 2, we observed
a significant reduction in loss occurring when the learning rate was decayed, rather than
at the end of the training phase. This approach made the performance more predictable
during the training process. There has also been recent work on multi-step learning rate
schedulers (Bi et al., 2024) for training language models, but these are primarily aimed at
facilitating continual training rather than improving convergence.

In addition to the learning rate, weight decay also serves as a different role in 1-bit
training. For half-precision training, weight decay acts as a regularizer, preventing over-fitting
and improving training stability by constraining the magnitude of large weights. However,
the effect of weight decay in 1-bit training differs substantially, as it is applied to the latent
weights rather than the 1-bit weights themselves. In mixed-precision training, the magnitude
of the latent weights can be interpreted as a confidence score for the corresponding 1-bit
weights (Liu et al., 2021). Consequently, a large weight decay leads to lower confidence
scores for the 1-bit weights, causing them to change more frequently. To mitigate this, we
removed weight decay for the second half of the training, allowing the model to converge
rather than update frequently. We empirically observed that after removing weight decay,
the training loss decreased significantly faster, even without changing the learning rate. This
weight decay scheduler is not applicable to half-precision models, as the role of weight decay
fundamentally differs between half-precision and 1-bit learning.

Above all, we summarized our two-stage training recipe as follows. We present the
learning rate and weight decay scheduling for the training of 700M models in Figure 10.
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Bits
ADD Energy Êadd (pJ) MUL Energy Êmul (pJ)
45nm 7nm 45nm 7nm

FP32 0.9 0.38 3.7 1.31
FP16 0.4 0.16 1.1 0.34
INT8 0.03 0.007 0.2 0.07

Table 1: ADD and MUL energy consumption (Horowitz, 2014; Zhang et al., 2022) for
different bit representations at 45nm and 7nm process nodes.

Models Size WBits
7nm Energy (J) 45nm Energy (J)
MUL ADD MUL ADD

Transformer
6.7B

32 4.41 1.28 12.46 3.03
16 1.14 0.54 3.70 1.35

BitNet 1 0.02 0.04 0.08 0.13

Transformer
13B

32 8.58 2.49 24.23 5.89
16 2.23 1.05 7.20 2.62

BitNet 1 0.04 0.06 0.12 0.24

Transformer
30B

32 20.09 5.83 56.73 13.80
16 5.21 2.45 16.87 6.13

BitNet 1 0.06 0.14 0.20 0.53

Table 2: Energy consumption of BitNet and Transformer varying different model size.
Results are reported with 512 as input length. We estimate the energy of BitNet
and Transformer according to the energy model in Zhang et al. (2022); Horowitz
(2014).

1. In the first half of the training, we adopt a significantly higher learning rate and
weight decay for Adam optimizer.

2. In the second half of the training, we decay the learning rate and disable the weight
decay.

2.3 Arithmetic Operations Energy

We estimate the computational efficiency of BitNet in terms of arithmetic operations energy.
We mainly focus on the calculation for the matrix multiplication, since it contributes the
most to the cost of large language models.

According to the energy model in Horowitz (2014); Zhang et al. (2022), Table 1 demon-
strates the energy consumption for different arithmetic operations. In vanilla Transformers,
for matrix multiplication with the weight of dimensions m× n and the activations of n× p,
the energy consumption can be calculated as follows:
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Figure 3: Energy consumption of BitNet compared to LLaMA LLM at 7nm process nodes
across different model sizes.

Eadd = m× (n− 1)× p× Êadd (10)

Emul = m× n× p× Êmul (11)

For BitNet, the energy consumption of the matrix multiplication is dominated by the
INT8 addition operations, as the weights are {−1,+1} or {−1, 0,+1}. The multiplication
operations are only applied to scale the output with the scalars β and γ

Qp
, so the energy

consumption for multiplication can be computed as:

Emul = (m× p+ n× p)× Êmul (12)

which is significantly smaller than that in Transformers. The energy savings of BitNet
compared to a full-precision (32-32) and half-precision (16-16) Transformer are shown
in Table 2 and Figure 3. As can be seen, BitNet provides significant energy savings,
especially for the multiplication operations, which are the major component of the matrix
multiplication energy consumption. Figure 3 shows that as the model size scales, BitNet
becomes increasingly more efficient in terms of energy consumption compared to the FP16
baseline. This is due to the fact that the percentage of nn.Linear grows with the model size,
and the floating multiplication operations of BitNet is O(mp+ np) which is one order of
magnitude smaller than O(mnp) of FP16 LLM.

3. Experiments with BitNet b1

3.1 Comparison with FP16 Transformers

3.1.1 Setup

We train a series of autoregressive language models with BitNet b1 of various scales, ranging
from 125M to 30B. The models are trained on an English-language corpus, which consists of

8



BitNet: 1-bit Pre-training for Large Language Models

1010 1011 1012

Inference Energy Consumption (pJ)

4.00

4.25

4.50

4.75

5.00

5.25

Lo
ss

FP16 Transformer
BitNet

100M 1B 10B 30B 100B
Model Size

3.75

4.00

4.25

4.50

4.75

5.00

5.25

Lo
ss L = 0.09

BitNet
FP16 Transformer

Figure 4: Scaling curves of BitNet b1 and FP16 Transformers.
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Figure 5: Zero-shot (Left) and few-shot (Right) performance of BitNet b1 and FP16 Trans-
former against the inference cost.

the Pile dataset, Common Crawl snapshots, RealNews, and CC-Stories datasets. We use
the Sentencpiece tokenizer to preprocess data and the vocabulary size is 16K. For BitNet
b1, we apply the unsigned absmax quantization after the non-linear activation function.
The quantization for activations are performed per tensor during training and per token
during inference. We deploy the first-stage training for all models. Besides, we also train
the FP16 Transformer baselines with the same datasets and settings for a fair comparison.
More details can be found in the Appendix B.

3.1.2 Inference-Optimal Scaling Law

Neural language models have proven to scale predictably (Kaplan et al., 2020) with vanilla
Transformer architecture. The loss scales as the power law with the amount of computation
used for training. This allows us to determine the optimal allocation of a computation
budget as well as predict the performance of large language models from smaller models.

To study the scaling law of binarized Transformer, we start by plotting the scaling curve
of both BitNet b1 and the FP16 Transformer baseline against the parameter count. We fix
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Figure 6: BitNet b1 is more stable than FP16 Transformer with a same learning rate (Left).
The training stability enables BitNet b1 a larger learning rate, resulting in better
convergence (Right).

the number of training tokens and vary the model sizes. Figure 4 shows that the loss scaling
of BitNet b1 is similar to the FP16 Transformer, which follows a power-law. We then fit the
scaling law with an irreducible loss term:

L(N) = aN b + c (13)

To evaluate whether the scaling law can accurately predict the loss, we choose the models
from 125M to 6.7B to fit the parameters in the power-law and use the law to predict the
loss of 13B and 30B. It shows that the fitted scaling law predicted BitNet b1’s loss with
high accuracy. More importantly, we observe that the gap between BitNet b1 and FP16
Transformer becomes smaller as the model size grows.

While the power-law above measures the trend of the scaling of BitNet b1, it does
not properly model the relationship between the loss and the actual compute. Previous
work (Kaplan et al., 2020; Henighan et al., 2020; Hoffmann et al., 2022) estimates the
compute by calculating the FLOPs. However, it does not apply to 1-bit models whose cost is
dominated by integer computation. Moreover, it mainly measures the training computation
rather than the inference. To have a better understanding of the scaling efficiency of neural
language models, we introduce Inference-Optimal Scaling Law. It predicts the loss against
the energy consumption. We focus on the inference energy cost as it scales with the usage
of the model, while the training cost is only once. We estimate the energy consumption as
in Section 2.3. Figure 4 shows the scaling curve against the inference energy cost at 7nm
process nodes. It proves that BitNet b1 has much higher scaling efficiency. Given a fixed
computation budget, BitNet b1 achieves a significantly better loss. Meanwhile, the inference
cost is much smaller to get the same performance as the FP16 models.

3.1.3 Results on Downstream Tasks

In addition to the loss, we are also concerned about the capabilities with the scaling of BitNet
b1. Compared with the loss, the capacity is more difficult to predict due to the emergent
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nature of neural language models. To evaluate the capabilities with the interpretable
metrics, we test both the 0-shot and 4-shot results on four downstream tasks, including
Hellaswag (Zellers et al., 2019), Winogrande (Sakaguchi et al., 2020), Winograd (Levesque
et al., 2012), and Storycloze (Mostafazadeh et al., 2016). Figure 5 reports the average results
of BitNet b1 and FP16 Transformer with various scales. Similar to the loss scaling curve, the
performance on the downstream tasks can scale as the computation budget grows. Besides,
the scaling efficiency of capabilities is much higher than the FP16 Transformer baseline, in
terms of both zero-shot and few-shot performance.

3.1.4 Stability Test

The major challenge for training ultra low-bit Transformers is the stability in optimization.
Therefore, we perform stability tests for both BitNet b1 and the FP16 baseline by training
a series of models with varying peak learning rates. Figure 6 illustrates the results of the
stability test. It shows that BitNet b1 can converge with a large learning rate while FP16
Transformer can not, demonstrating better training stability of BitNet b1. This advantage
in optimization enables the training with larger learning rates. It also demonstrates that
BitNet b1 can benefit from the increase in learning rate, achieving better convergence in
terms of PPL.

3.2 Comparison with Post-training Quantization

3.2.1 Setup

We train BitNet b1 with the same setup as described in Section 3.1.1. We compare BitNet
b1 with state-of-the-art quantization methods, including Absmax (Dettmers et al., 2022),
SmoothQuant (Xiao et al., 2023), GPTQ (Frantar et al., 2023), and QuIP (Chee et al.,
2023). These methods are post-training quantization over an FP16 Transformer model,
which follows the same training setting and data as BitNet b1. Among them, Absmax
and SmoothQuant quantize both the weights and the activations, while GPTQ and QuIP
only reduce the precision of weights. We apply the methods to various quantization levels.
For the weight-only quantization (i.e., GPTQ and QuIP), we experiment with W4A16 and
W2A16. For weight-and-activation quantization (i.e., Absmax and SmoothQuant), we use
them to quantize the FP16 Transformers to W8A8, W4A4, and W1A8. Our implementation
of BitNet b1 is binary weight 8-bit activation (W1A8), which has lower or equal bits than
the baselines.

3.2.2 Results

Table 3 presents a detailed comparative analysis of the zero-shot performance of our
proposed method, BitNet b1, against various baseline approaches on four benchmark
datasets, namely Winogrande (Sakaguchi et al., 2020), Winograd (Levesque et al., 2012),
Storycloze (Mostafazadeh et al., 2016), and Hellaswag (Zellers et al., 2019). All models
have the model sizes of 6.7B for a fair comparison. The methods are evaluated across
several weight bit levels, spanning from 16 down to 1. Besides the zero-shot accuracy on
the downstream tasks, the evaluation metrics include language model perplexity on the
validation set, which provides a comprehensive understanding of each method’s performance.
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WBits Methods PTQ PPL↓ WG↑ WGe↑ HS↑ SC↑ Avg.↑

- Random - - 50.0 50.0 25.0 50.0 43.8
16 Transformer 7 15.19 66.7 54.3 42.9 67.4 57.8

8
Absmax 3 21.43 60.4 52.0 38.3 62.7 53.4
SmoothQuant 3 15.67 65.3 53.1 40.9 67.6 56.7

4
GPTQ 3 16.05 57.2 51.2 39.9 63.4 52.9
Absmax 3 4.8e4 55.8 50.9 25.0 53.1 46.2
SmoothQuant 3 1.6e6 53.7 48.3 24.8 53.6 45.1

2
GPTQ 3 1032 51.6 50.1 25.8 53.4 45.2
QuIP 3 70.43 56.1 51.2 30.3 58.4 49.0

1
Absmax 3 3.5e23 49.8 50.0 24.8 53.6 44.6
SmoothQuant 3 3.3e21 50.5 49.5 24.6 53.1 44.4

1 BitNet b1 7 17.07 66.3 51.4 38.9 66.9 55.9

Table 3: Zero-shot results for BitNet b1 and the baselines (PTQ: Post-training quantization).
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Figure 7: Zero-shot (Left) and few-shot (Right) results for BitNet b1 and the post-training
quantization baselines on downstream tasks. We report the average accuracy on
the Winogrande, Winograd, Storycloze and Hellaswag dataset.

The results demonstrate the effectiveness of BitNet b1 in achieving competitive perfor-
mance levels compared to the baseline approaches, particularly for lower bit levels. The
zero-shot scores of BitNet b1 are comparable with the 8-bit models, while the inference
cost is much lower. For the 4-bit models, the weight-only quantization methods outperform
the weight-and-activation quantizers, mainly because the activation is more difficult to
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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) 9.91
BitNet b1.58 3.9B 2.38 (3.32x) 2.11 (2.40x) 9.62

Table 4: Perplexity as well as the cost of BitNet b1.58 and LLaMA LLM.

Models Size ARCe ARCc HS BQ OQ PQ WGe Avg.

LLaMA LLM 700M 54.7 23.0 37.0 60.0 20.2 68.9 54.8 45.5
BitNet b1.58 700M 51.8 21.4 35.1 58.2 20.0 68.1 55.2 44.3

LLaMA LLM 1.3B 56.9 23.5 38.5 59.1 21.6 70.0 53.9 46.2
BitNet b1.58 1.3B 54.9 24.2 37.7 56.7 19.6 68.8 55.8 45.4

LLaMA LLM 3B 62.1 25.6 43.3 61.8 24.6 72.1 58.2 49.7
BitNet b1.58 3B 61.4 28.3 42.9 61.5 26.6 71.5 59.3 50.2
BitNet b1.58 3.9B 64.2 28.7 44.2 63.5 24.2 73.2 60.5 51.2

Table 5: Zero-shot accuracy of BitNet b1.58 and LLaMA LLM on the end tasks.

quantify. BitNet b1, as a 1-bit model, significantly achieves better results than both the
weight-and-activation quantization methods and the weight-only quantization methods.

As for the lower-bit models, BitNet b1 has consistently superior scores over all baselines.
This proves the advantages of the quantization-aware training approaches over the post-
training quantization methods. Figure 7 summarizes both the zero-shot accuracy and
few-shot accuracy of our method and the baselines while scaling up the model size from
1.3B to 6.7B. It proves that the advantage is consistent across different scales.

4. Experiments with BitNet b1.58

4.1 Setup

We compared BitNet b1.58 to our reproduced FP16 LLaMA LLM in various sizes. For
BitNet b1.58, we adopt the LLaMA-alike components, including RMSNorm (Zhang and
Sennrich, 2019), SwiGLU (Shazeer, 2020), rotary embedding (Su et al., 2024), and removing
all biases. The activations are all scaled to [−Qb, Qb] per token to get rid of the zero-point
quantization. This is more convenient and simple for both implementation and system-level
optimization, while introduces negligible effects to the performance in our experiments. To
ensure a fair comparison, we pre-trained the models on the RedPajama dataset (Computer,
2023) for 100 billion tokens. We present the training loss curves for BitNet b1.58 and the
baselines in the Appendix A.2. More details about the hyper-parameters are summarized in
the Appendix C.
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Models Size ARCe ARCc HS BQ OQ PQ WGe Avg.

BitNet b1.58 3B 61.4 28.3 42.9 61.5 26.6 71.5 59.3 50.2
w/ 4-bit KV 3B 60.9 27.3 42.9 61.4 26.2 71.6 59.9 50.0

BitNet b1.58 3.9B 64.2 28.7 44.2 63.5 24.2 73.2 60.5 51.2
w/ 4-bit KV 3.9B 64.1 28.8 44.1 63.7 24.2 73.2 61.1 51.3

Table 6: Zero-shot accuracy on the benchmark. The KV cache of BitNet can be losslessly
quantized to 4 bits after training.

4.2 Results

We evaluated the zero-shot performance on a range of language tasks, including ARC-
Easy (Yadav et al., 2019), ARC-Challenge (Yadav et al., 2019), Hellaswag (Zellers et al., 2019),
Winogrande (Sakaguchi et al., 2020), PIQA (Bisk et al., 2019), OpenbookQA (Mihaylov
et al., 2018), and BoolQ (Clark et al., 2019). We also reported the average validation
perplexity on the WikiText2 (Merity et al., 2016) and C4 (Raffel et al., 2019) datasets.

We compared the runtime GPU memory and latency of both LLaMA LLM and BitNet
b1.58. The results were measured using the FasterTransformer1 codebase, which is well-
optimized for LLM inference latency on GPU devices. The 2-bit kernel from Ladder (Wang
et al., 2023) is also integrated for BitNet b1.58. We reported the time per output token, as
it is the major cost for inference.

Table 4 summarizes the perplexity and the cost for BitNet b1.58 and LLaMA LLM. It
shows that BitNet b1.58 starts to match half-precision LLaMA LLM at 3B model size in
terms of perplexity, while being 2.71 times faster and using 3.55 times less GPU memory. In
particular, BitNet b1.58 with a 3.9B model size is 2.4 times faster, consumes 3.32 times less
memory, but performs significantly better than LLaMA LLM 3B.

Table 5 reports the detailed results of the zero-shot accuracy on the end tasks. We
followed the pipeline from lm-evaluation-harness2 to perform the evaluation. The results
show that the performance gap between BitNet b1.58 and LLaMA LLM narrows as the
model size increases. More importantly, BitNet b1.58 can match the performance of the
half-precision baseline starting from a 3B size. Similar to the observation of the perplexity,
the end-task results reveal that BitNet b1.58 3.9B outperforms LLaMA LLM 3B with lower
memory and latency cost. This demonstrates that BitNet b1.58 is a Pareto improvement
over the state-of-the-art LLM models.

Low-bit attention is critical for efficient long-context modeling, as it significantly reduces
the memory footprint of KV cache which increases linearly as the input’s length becomes
longer. We quantize each head using symmetric absmax function. As shown in Table 6, the
KV cache of BitNet b1.58 can be compressed to 4-bit integers without any accuracy loss in
3B and 3.9B model sizes.

1. https://github.com/NVIDIA/FasterTransformer
2. https://github.com/EleutherAI/lm-evaluation-harness
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Figure 8: Decoding latency (Left) and memory consumption (Right) of BitNet b1.58 varying
the model 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 7: Comparison of the throughput between BitNet b1.58 70B and LLaMA LLM 70B.

4.3 Inference Cost

In this section, we evaluate the inference cost of BitNet b1.58 and FP16 LLM on the latency,
memory and throughput. BitNet b1.58 is enabling a new scaling law with respect to model
performance and inference cost. As a reference, we can have the following equivalence
between different model sizes in 1.58-bit and 16-bit based on the results in Figure 8.

• 13B BitNet b1.58 is more efficient, in terms of latency, memory usage and energy
consumption, than 3B FP16 LLM.

• 30B BitNet b1.58 is more efficient, in terms of latency, memory usage and energy
consumption, than 7B FP16 LLM.

• 70B BitNet b1.58 is more efficient, in terms of latency, memory usage and energy
consumption, than 13B FP16 LLM.

Memory and Latency. We further scaled up the model size to 7B, 13B, and 70B and
evaluated the cost. Figure 8 illustrates the trends of latency and memory, showing that the
speed-up increases as the model size scales. In particular, BitNet b1.58 70B is 4.1 times
faster than the LLaMA LLM baseline. This is because the time cost for nn.Linear grows
with the model size. The memory consumption follows a similar trend, as the embedding
remains half-precision and its memory proportion is smaller for larger models. Both latency
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Models Tokens WGe 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 8: Comparison of BitNet b1.58 with StableLM-3B with 2T tokens.

and memory were measured with a 2-bit kernel, so there is still room for optimization to
further reduce the cost.

Throughput. We compare the throughput of BitNet b1.58 and LLaMA LLM with 70B
parameters on two 80GB A100 cards, using pipeline parallelism (Huang et al., 2019) so that
LLaMA LLM 70B could be run on the devices. We increased the batch size until the GPU
memory limit was reached, with a sequence length of 512. Table 7 shows that BitNet b1.58
70B can support up to 11 times the batch size of LLaMA LLM, resulting an 8.9 times higher
throughput.

4.4 Training with 2T Tokens

The number of training tokens is a crucial factor for LLMs. To test the scalability of BitNet
b1.58 in terms of tokens, we trained a BitNet b1.58 model with 2T tokens following the
data recipe of StableLM-3B (Tow et al.), which is the state-of-the-art open-source 3B model.
Both models were evaluated on a benchmark that consists of Winogrande (Sakaguchi et al.,
2020), PIQA (Bisk et al., 2019), SciQ (Welbl et al., 2017), LAMBADA (Paperno et al.,
2016), and ARC-easy (Yadav et al., 2019). We reported the zero-shot accuracy in Table 8.
For tasks measured with accuracy and normalized accuracy, we take the average of the two.
The results of StableLM 3b at 2T tokens are taken directly from its technical report. Our
findings shows that BitNet b1.58 achieves a superior performance on all end tasks, indicating
that 1.58-bit LLMs also have strong generalization capabilities.

5. Ablation Studies

In Table 9, we present an ablation study of BitNet compared with several alternative
approaches. We ablate the effect of our choices in activation quantization approaches as well
as the techniques to stabilize the model training. To ensure a fair comparison, all models
are trained with 1-bit weight and the same data from scratch. BitNet implements absmax
to quantize the activation and use SubLN for training stability. One quantization alternative
is the elastic function (Liu et al., 2022), which dynamically adjusts the scales with learnable
parameters. In our experiments, we find that absmax has better performance than the
elastic function. Besides, the absmax function leads to more stable training, which enables a
larger learning rate for BitNet. We further compare SubLN with the Pre-LN and the BMT
architecture (Zhang et al., 2023). Pre-LN is the default architecture for GPT pertaining,
while BMT has proven to improve the stability of binarized models. Our experiments show
that SubLN outperforms both Pre-LN and BMT. Therefore, we choose absmax and SubLN

as the implementation in BitNet.
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Methods PPL↓ HS↑ WGe↑ WG↑ SC↑ Avg.↑

Zero-Shot Learning
BitNet 20.34 33.2 52.1 60.7 63.2 52.3

Elastic + Pre-LN 24.05 29.6 52.9 56.8 61.3 50.2
Absmax + Pre-LN 22.11 31.6 50.0 61.8 61.6 51.3
Absmax + BMT 22.98 31.2 52.1 60.4 62.7 51.6

Few-Shot Learning
BitNet 20.34 33.5 50.4 62.1 63.8 52.5

Elastic + Pre-LN 24.05 29.9 51.7 57.5 61.1 50.1
Absmax + Pre-LN 22.11 31.4 51.9 63.9 61.6 52.2
Absmax + BMT 22.98 31.3 51.5 57.5 62.6 50.7

Table 9: Ablation of BitNet. Elastic is an activation quantization method from Liu et al.
(2022), while BMT is the architecture from Zhang et al. (2023) to stabilize the
training of low-bit models. All models are trained with 1-bit weight from scratch.

6. Related Work

Recent years have seen a rapid growth in the size and capabilities of LLMs. These models
have shown remarkable performance in a wide scope of tasks, but their increasing size has
posed challenges for deployment. Model quantization has emerged as a promising solution,
which reduces the precision of weights and activations, significantly reducing the memory
and computational requirements of LLMs.

Most existing quantization methods for large language models are post-training (Dettmers
et al., 2022; Frantar et al., 2023; Lin et al., 2023; Chee et al., 2023; Tseng et al., 2024; Shang
et al., 2023; Shao et al., 2023). These methods can be divided into two categories: weight-only
and weight-activation quantization. As for the weight-activations quantization, Dettmers
et al. (2022) adopts a mixed-precision decomposition: it isolates the outlier feature dimensions
into a 16-bit matrix multiplication, and the rest majority are vector-wise quantized into 8-bit
to perform matrix multiplication. Further, Xiao et al. (2023) proposed SmoothQuant to first
smooth the activation outliers by offline migrating the quantization error from activations
to weights, then use Absmax to quantize the weights and activations into 8-bit. For the
weight-only quantization, GPTQ (Frantar et al., 2023) and AWQ (Lin et al., 2023) can
reduce the bit-width down to 4 bits per weight, with competitive performance relative to
the uncompressed baseline. QuIP# (Tseng et al., 2024) uses the improved incoherence
processing from QuIP (Chee et al., 2023) and vector quantization in incoherent weights
possess. With the additional fine-tuning, QuIP# achieved state-of-the-art results in 2-bit
models. However, it still suffers from the degradation of accuracy, and has more computation
cost and lower inference speed.

Another line of research lies on the quantization-aware training (Peng et al., 2023; Liu
et al., 2023b). Compared with post-training methods, they usually introduce more training
cost but have better performance, since these quantized models are trained from the scratch.
Peng et al. (2023) proposed automatic mixed-precision framework for training FP8 LLMs.
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Liu et al. (2023b) introduced LLM-FP4 for quantizing both weights and activations down to
4-bit for the continue-training of LLMs.

7. Discussion

BitNet has demonstrated the surprising effectiveness of pre-training with 1-bit and 1.58-bit
weight for LLMs. Extensive experiments reveal that as model size increases, the performance
gap between BitNet and FP16 LLMs narrows. This trend is also observed in post-training
quantization methods (Frantar et al., 2023) for 4-bit LLMs, suggesting that LLMs exhibit
increased parameter redundancy as their total size grows. Recent works (Daliri et al., 2024)
also theoretically proved that the dynamics of 1-bit model training align with kernel behavior,
and the generalization difference between 1-bit networks and their half-precision counterparts
maintains a negligible level as the network width increases. Consequently, ultra low-precision
models can be directly trained at larger sizes without sacrificing performance. As illustrated
in Figure 4, the validation loss gap between BitNet b1 and FP16 Transformer decreases from
0.5 to 0.09 as model sizes increase from 125 million to 100 billion parameters, indicating
the potential to train binarized LLMs with trillions of parameters without performance
degradation.

Ternarization is a notable variant of binarization, offering enhanced modeling capability
through explicit feature filtering. Bai et al. showed that the loss surface of ternary BERT is
locally convex and easier to optimize than that of the binary model. BitNet b1.58 with ternary
weights retains all the advantages of BitNet b1, including the novel computation paradigm
that minimizes multiplication operations for matrix multiplication to reduce the energy
consumption and allows for high optimization. Crucially, our experiments demonstrate that
BitNet b1.58 can achieve FP16 baseline performance with the same configuration, starting
from just 3 billion parameters—substantially fewer than required for BitNet b1.

8. Conclusion and Future Work

We present BitNet, a novel 1-bit Transformer architecture for large language models. Our
approach is designed to be scalable and stable, with the ability to handle large language
models efficiently. Extensive experimental results demonstrate that BitNet b1 achieves
competitive performance in terms of both perplexity and downstream task performance,
while significantly reducing memory footprint and energy consumption compared to the
baselines. Moreover, we observe that the gap between BitNet and FP16 baseline narrows as
the model size grows, which indicates that for a large-scale model, we can easily quantize
it into a ultra low-bit model during the pre-training without suffering from performance
degradation. The experiments show that BitNet b1.58 with the ternary weight matches
half-precision (i.e., FP16 or BF16) baselines in terms of both perplexity and end-task
performance, starting from a 3B size, when using the same configuration (e.g., model size,
training tokens, etc.). In the future, we would like to scale up BitNet in terms of model size
and training steps. We are also interested in applying BitNet in other architectures (e.g.,
RetNet, Sun et al. (2023)) for training large language models.
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9. Limitations

Our work empirically demonstrates the effectiveness of 1-bit pre-training for LLMs and
reveals several interesting phenomena observed during training. We discuss related theoretical
justifications in Section 7, while a more comprehensive theoretical analysis is left for
future work. Additionally, our current evaluation focuses primarily on English language
understanding and reasoning tasks using a decoder-only architecture. As part of our future
work, we plan to extend 1-bit pre-training to encoder-decoder architectures, multilingual
benchmarks, and more complex tasks such as mathematical reasoning and code generation.
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Appendix A. Training Details

A.1 Model parallelism with Group Quantization and Normalization.

One essential technique to scale up large language models is model parallelism (Shoeybi
et al., 2019), which partitions the matrix multiplication on multiple devices. A prerequisite
for the existing model parallelism approaches is that the tensors are independent along the
partition dimension. However, all of the parameters α, β, γ, and η are calculated from
the whole tensors, breaking the independent prerequisite. One solution is to introduce one
all-reduce operation for each parameter. However, even though the communication for each
parameter is small, the amount of synchronization is growing as the model becomes deeper,
which significantly slows the forward pass. The problem also exists in SubLN, where the
mean and the variance should be estimated across the partition dimension.

To this end, we propose a simple approach that makes the model parallelism more efficient.
We divide the weights and activations into groups and then independently estimate each
group’s parameters. This way, the parameters can be calculated locally without requiring
additional communication. This approach, called Group Quantization, is formulated as
follows.

For a weight matrix W ∈ Rn×m, we divide it into G groups along the partition dimension,
and each group has a size of n

G × m. We then estimate the parameters for each group
independently:

αg =
G

nm

∑
ij

W
(g)
ij , βg =

G

nm
||W (g)||1, (14)

where W (g) denotes the g-th group of the weight matrix. Similarly, for the activations,
we can divide the input matrix x ∈ Rn×m into G groups and calculate the parameters for
each group:

γg = ||x(g)||∞, ηg = min
ij

x
(g)
ij (15)

For LN, we can apply the group normalization technique (Wu and He, 2018) to compute
the mean and variance for each group independently. In this way, we can efficiently implement
model parallelism with Group Quantization and Normalization, which requires no additional
communication and can scale to large language models.
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Figure 9: Training loss curves across different model sizes. The gap between half-precision
models and BitNet b1.58 becomes narrower as the models scale.
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A.2 The training curves of BitNet b1.58

We present the training loss curves for BitNet b1.58 and the baselines in this section. As shown
in Figure 9, these curves illustrate that the gap between the half-precision LLaMA LLM
and BitNet b1.58 diminishes as the model size increases, indicating that 1-bit language
models perform better with larger model size. Interestingly, while there is no discernible gap
between the 3B versions of BitNet b1.58 and LLaMA LLM in terms of validation loss and
end-task accuracy, a slight difference exists in the training loss. This suggests that 1.58-bit
models may exhibit better generalization capabilities and be less prone to overfitting. We
leave a more in-depth analysis of this phenomenon for future work.

Appendix B. Hyperparameters on BitNet b1

Table 10 presents the configuration and hyper-parameters for BitNet b1 in the scaling
experiments in each model size. The dropout and gradient clipping are disabled during
pre-training. For 13B and 30B model, we set weight decay to 0.05 for training stability. As
for the stability test of BitNet b1 and FP16 Transformer, we adopt a higher learning rate
and small batch size. The peak learning rate is set as 1e-3, and the batch size is 64. For all
experiments, the sequence length is set as 2,048 tokens.

Size # Hidden # Layers # Heads LR Weight decay Steps Adam β Warmup

125M 768 12 12 2.4e-3 0.01 40K (0.9, 0.98) 750
350M 1024 24 16 1.2e-3 0.01 40K (0.9, 0.98) 750
760M 1536 24 16 1e-3 0.01 40K (0.9, 0.98) 750
1.3B 2048 24 32 8e-4 0.01 40K (0.9, 0.98) 750
2.7B 2560 32 32 6.4e-4 0.01 40K (0.9, 0.98) 750
6.7B 4096 32 32 4.8e-4 0.01 40K (0.9, 0.98) 750
13B 5120 40 40 4e-4 0.05 40K (0.9, 0.98) 750
30B 7168 48 56 4e-4 0.05 40K (0.9, 0.98) 750

Table 10: Model configuration and hyper-parameters for BitNet b1 in the scaling experiments.
For 13B and 30B model, we set weight decay to 0.05 for training stability. We
adopt polynomial decay as learning rate scheduler. The batch size is 128.

Hyperparameters Elastic Absmax

Peak learning rate 1e-4 8e-4
Training updates 40K
Tokens per sample 256K
Adam β (0.9, 0.98)
Learning rate scheduler Polynomial decay
Warmup updates 750
Weight decay 0.01

Table 11: Hyperparameters for the ablations of BitNet b1.
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Appendix C. Hyperparameters on BitNet b1.58

We report the configurations and hyper-parameters for BitNet b1.58 in Table 12 and Table 13,
respectively. For all experiments, the sequence length is set as 2,048 tokens. The batch size
is 512, resulting in up to 1M tokens. The Adam β is set as (0.9, 0.95). Figure 10 illustrates
the learning rate and weight decay scheduler in the training of 700M BitNet b1.58.

Size Hidden Size GLU Size #Heads #Layers

700M 1536 4096 24 24
1.3B 2048 5460 32 24
3B 3200 8640 32 26
3.9B 3200 12800 32 26

Table 12: Model configurations for both BitNet b1.58 and LLaMA LLM.

Model Size Learning Rate Weight Decay Batch Size Steps Warmup

BitNet b1.58

700M 1.5× 10−3 → 1× 10−3 0.1→ 0 1M 100K 375
1.3B 1.2× 10−3 → 8× 10−4 0.1→ 0 1M 100K 375
3B 1.2× 10−3 → 8× 10−4 0.1→ 0 1M 100K 375

3.9B 1.2× 10−3 → 8× 10−4 0.1→ 0 1M 100K 375

LLaMA LLM
700M 2.5× 10−4 0.1 1M 100K 375
1.3B 2.0× 10−4 0.1 1M 100K 375
3B 2.0× 10−4 0.1 1M 100K 375

Table 13: Hyper-parameters for both BitNet b1.58 and LLaMA LLM training.
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Figure 10: The learning rate and the weight decay scheduler in the training of 700M BitNet
b1.58.
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Appendix D. PyTorch Implementation of BitNet b1.58

There are two steps to change from a LLaMA LLM architecture to BitNet b1.58:

1. Replace all nn.Linear in attention and SwiGLU with BitLinear (Figure 11);

2. Remove RMSNorm before attention and SwiGLU because BitLinear has built-in RM-
SNorm.

def activation quant(x):
""" Per−token quantization to 8 bits. No grouping is needed for quantization.
Args:

x: an activation tensor with shape [n, d]
Returns:

y: a quantized activation tensor with shape [n, d]
"""

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

def weight quant(w):
""" Per−tensor quantization to 1.58 bits. No grouping is needed for quantization.
Args:

w: a weight tensor with shape [d, k]
Returns:

u: a quantized weight with shape [d, k]
"""

scale = 1.0 / w.abs().mean().clamp (min=1e−5)
u = (w ∗ scale).round().clamp (−1, 1) / scale
return u

class BitLinear(nn.Linear):
"""
This is only for training, and kernel optimization is needed for efficiency.
"""

def forward(self, x):
"""
Args:

x: an input tensor with shape [n, d]
Returns:

y: an output tensor with shape [n, d]
"""

w = self.weight # a weight tensor with shape [d, k]
x norm = RMSNorm(x)
# A trick for implementing Straight−Through−Estimator (STE) using detach()
x quant = x norm + (activation quant(x norm) − x norm).detach()
w quant = w + (weight quant(w) − w).detach()
y = F.linear(x quant, w quant)
return y

Figure 11: Pytorch code for the BitLinear component in training BitNet. It requires
additional efforts to improve the training efficiency, such as kernel fusion.

As for the inference, there are some changes for efficiency.

1. The model weights are offline quantized to 1.58 bits.

2. The standard F.linear operation is replaced with a customized low-bit kernel.

3. The scaling factors for both weight quantization and activation quantization are applied
after the F.linear operation.

4. There is no need to implement the Straight-Through Estimator (STE) trick.
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5. The RMSNorm operation can be fused with the activation quantization.

def activation norm quant(x):
""" RMSNorm & Per−token quantization to 8 bits. It can be implemented as a fused kernel.
Args:

x: an activation tensor with shape [n, d]
Returns:

y: a quantized activation tensor with shape [n, d]
scale: a scalar for dequantization with shape [1]

"""
x = RMSNorm(x)
scale = 127.0 / x.abs().max(dim=−1, keepdim=True).values.clamp (min=1e−5)
y = (x ∗ scale).round().clamp (−128, 127)
return y, scale

class BitLinear(nn.Linear):
"""
This is only for inference. The weights should been quantized in advance.
"""

def forward(self, x):
"""
Args:

x: an input tensor with shape [n, d]
Returns:

y: an output tensor with shape [n, d]
"""

w = self.weight # a 1.58−bit weight tensor with shape [d, k]
w scale = self.weight scale # a half−precision weight scale tensor with shape [1]
x quant, x scale = activation norm quant(x)
y = gemm lowbit kernel(x quant, w) / w scale / x scale
return y

Figure 12: Pytorch code for the BitLinear component during inference.

Appendix E. PyTorch Implementation of BitNet b1

Similarly, we provide the implementation of the original 1-bit BitNet by replacing the
function of weight quant(w) as in Figure 11.

def weight quant(w):
""" Per−tensor quantization to 1 bits. No grouping is needed for quantization.
Args:

w: a weight tensor with shape [d, k]
Returns:

u: a quantized weight with shape [d, k]
"""

scale = w.abs().mean()
e = w.mean()
u = (w − e).sign() ∗ scale
return u

Figure 13: Pytorch code for the BitLinear component in BitNet b1.
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