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Pitfalls of Binarized Neural Networks
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- Derivative is 0 almost everywhere

- Model will learn nothing

→ We train the weights in full-precision not binary domain

▪ Binarized weights are updated as : 𝑾𝑏𝑖𝑛 = 𝑆𝑖𝑔𝑛(𝑾𝐹𝑃 − 𝜂 ⋅
𝜕ℒ
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)



Native Boolean Neural Networks
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▪ Bool linear layer: 𝒀[𝑘,𝑗]
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are Boolean

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

▪ Backward. We can compute the loss signal for the weights as
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▪ Update rule. 𝑾 𝑖,𝑗
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▪ We train the weights directly in Boolean domain

▪ 𝐱𝐧𝐨𝐫 𝑠, 𝑤 = 𝑠 × 𝑤, enabling direct use of existing linear algebra operations

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



Boolean Reformulation for FP Linear Layers
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Sign-value-independent Decomposition (SVID)

Approximate the full-precision weights

Using SVD

The linear layer becomes

We can prove that this initialization is optimal for 

preserving information from FP weights 

OneBit: Towards Extremely Low-bit Large Language Models [Xu et al., NeurIPS 2024] 



Enhanced Expressivity with Multiple Boolean Kernels
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SVID is good but still not expressive enough to fully capture FP weights

- We employ multiple kernels, where each kernel utilizes 

distinct Boolean weights and scaling factors

- The linear layers become

- The dominant computational cost is from the matrix 

multiplication between the Boolean weights and scaled inputs

- We showed that training the last kernel is enough!



Effective Knowledge Transfer into Boolean Models
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Successive Extraction using SVID

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

Residual matrix



Effective Knowledge Transfer into Boolean Models
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- Using multiple kernels effectively captures the original weight matrix, very small residual errors may still remain
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Finetuning with Knowledge Distillation

- These errors can accumulate as they propagates through the layers

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

𝑿



State-of-the-art Ultra Low-Bit Performance
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- We evaluate our method on LLMs

- Significantly outperforms SOTA quantization and 

binarization methods in terms of performance

- Closely matches the performance of FP model

- Efficient in both training and inference 

Weights Optimizer States

- Ultra low-bit compression is very challenging



Compression-performance Tradeoff
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Low Latency
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Weight Size Full-precision 16 MBOK (Ours) QUIP# QTIP

5120 x 5120 0.16540 0.05074 0.62260 1.96368

5120 x 13824 0.42830 0.05098 0.62836 5.23681

13824 x 5120 0.43411 0.04987 0.62840 5.21193

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

- Our approach (MBOK) dramatically speedups the inference

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