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Background & Motivation

• The impressive performance of LLMs comes with substantial computational and storage 

requirements creating challenges for their deployment and scalability, especially in 

resource-constrained environments. 

• 1-bit quantization stands out as an extreme approach, constraining the weights to binary 

values, typically {-1, +1}, which results in the highest possible compression rate.



Background & Motivation

• PTQ suffers from hardware inefficiency and sever degradation.

• Training from scratch is less efficient.

• Naive quantization is not friendly to pre-training weights. 



What is the Model Binarization

• Forward: The BF16 parameters are mapped to {-1, +1} with an additional scaling factor introduced 

for error compensation, which is mathematically optimized to minimize the Mean Squared Error (MSE) 

between the full-precision and 1-bit parameter distributions.

• Backward: STE circumvents the non-differentiable bottleneck of the sign function by propagating 

gradients unaltered to update the underlying full-precision weights. 



How to Build An Accurate Binarized Large Language Model

• Training based on pretrained parameters instead of training from scratch.

• Protecting the prior knowledge: 

✓ Consistent progressive training

✓ Binary-aware Initialization

✓ Dual-Scaling Compensation



Contribution 1: Consistent Progressive Training

Ideally,  we aim to design a progressive approximation function

Forward:

Backward:



Contribution 1: Consistent Progressive Training

• Preserves pre-trained knowledge in the initial phase and transitions seamlessly 

into a 1-bit state in the final stage.

• Enforces mathematical consistency between forward and backward passes to 

circumvent STE-induced approximation errors



Contribution 2: Binary-aware Initialization

• GPTQ: Suffers from inaccurate error compensation in ultra-low bit scenarios and 

irreversibly distorts the pre-trained weight distribution.

• AWQ: Suffers from progressive layer-wise feature error accumulation, which 

cannot be resolved by its localized, layer-wise optimization search.

• Binary-aware Initialization

• Inter-Layer Error Awareness: Explicitly accounts for progressive error 

accumulation across different layers during initialization.

• Weight Preservation: Freezes original pre-trained weights to completely 

avoid irreversible distribution corruption.

• Highly Efficient Search: Optimizes only a small set of scaling factors ($S_t$), 

requiring just a few dozen search steps.



Contribution 3: Dual-Scaling Compensation

• Flaw of Purely Learnable Scales: While introducing learnable scaling factors (like in FBI-

LLM) aims to improve training flexibility, making them purely learnable causes severe 

accuracy drops and training instability when applied to 1-bit pre-trained LLMs.

• Indispensable Role of 𝑺𝒂: The analytical scaling factor 𝑺𝒂 is critical because it 

mathematically guarantees the minimal 𝑳𝟐 quantization error at each individual training step; 

updating it solely via loss gradients destroys this optimal boundary.

• Proposed Dual-Scaling Scheme: To resolve this bottleneck, a dual-scaling compensation 

scheme is proposed for forward propagation, which retains both the analytical scale 𝑺𝒂, for 

error minimization) and a new learnable scale 𝑺𝒍, for optimization flexibility) while 

maintaining inference efficiency.

Training Inference



Experimental Results



Ablations

Comparison results with different baselines.

Comparison results with different progressive methods



Ablations

Perplexity of different scaling factors

Comparison results with 1-bit PTQ methods

Effectiveness on Binary-aware Initialization



Visualization of Weights



Efficiency Analysis

• Inference Framework: T-MAC, a specialized CPU-based inference engine 

optimized for low-bit LLM edge deployment.

• Hardware Environment: AMD EPYC 7642 48-Core Processor.



Thank you!
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