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Introduction

Why to propose 1-bit PTQ methods for LLMs?

◼ Large Language Models (LLMs) are difficult to deploy due to their memory size.

◼ Post-Training Quantization (PTQ) reduce memory size by compressing LLMs without 

additional training

◼ 1-bit PTQ methods quantize weights of LLMs into 1 bit.  Compare to 16-bit models,

◼ potential 75~90% memory of weights saving

◼ potential faster inference speed

◼ BiLLM is the first 1-bit  PTQ method without knowledge distillation.

Why not to use 1-bit PTQ methods for LLMs?

❌ large reconstruction error

❌ loss of critical information

❌ difficulty in adaptation to heterogeneous model structures



Introduction

HBLLM

◼ A 1-bit PTQ weight-only framework we propose.

◼ Integrating localized orthogonal transformations (i.e., Haar wavelets) into a BiLLM-style 

quantization process with other enhancements (Table 1).

Weaknessees in 1-bit PTQ 
methods

Sources Enhancements used  in HBLLM

Large reconstruction error Limited expressiveness Quantization in Haar domain

Loss of critical information 
Inaccurate salient-column 
selection

ℓ2-norm-based saliency-driven 
column selection

Difficulty in adaptation to 
heterogeneous model structures

Lack of structure-aware grouping
Frequency-aware multi-parameter 
intra-row grouping

Extra memory cost is not small Intra-frequency-band mean sharing

Table 1. Enhancements used  in HBLLM against weaknesses in 1-bit PTQ  methods



Method

Quantization Pipeline Overview:

HBLLM integrates the Haar transform 

into a BiLLM-style quantization pipeline.

1. Preparation Phase: 

Compute the column-wise importance 

scores using a Hessian-based saliency 

metric. 



Method

Quantization Pipeline Overview:

HBLLM integrates the Haar transform 

into a BiLLM-style quantization pipeline.

2. Salient Column Selection and 

Quantization:

Select top-K salient columns → apply 

HaarQuant → keep minimal-error 

subset



Method

Quantization Pipeline Overview:

HBLLM integrates the Haar transform 

into a BiLLM-style quantization pipeline.

3. Non-Salient Region Quantization:

Fill missing values (FillAvg) → apply 

HaarQuant again



Method

Quantization Pipeline Overview:

HBLLM integrates the Haar transform 

into a BiLLM-style quantization pipeline.

4. Adjustment and Refinement



Experiments
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Experimental Settings

◼ Dataset: see the following figure

◼ Baselines:

Full Precision、 BiLLM[2]、ARB-LLM[3]、PB-LLM[4]、FrameQuant[5]

◼ Backbone models: 

OPT, LLaMA-1, LLaMA-2, and LLaMA-3

◼ Evaluation Metircs: 

Perplexity (↓), Accuracy (↑)
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Experiments

Summary of Experiment results:

HBLLM Achieves SOTA Performance in 1-bit 

PTQ methods

◼ The ppl ratio between HBLLM and the original   

FP16 model remains within the range of 1.2–2.2

(in Fig.1)

◼ 73.8~88.8% of the original model’s accuracy 

in QA tests

◼ 77.1~80.5% memory of weights saving

◼ The expected inference latency is 

approximately 31.8% of the FP16 baseline 

inference time



Experiments

✓ Overall: Achieve SOTA 

performance

✓ Flexibility: Be beneficial to 

various LLMs



Experiments

✓ On language modeling tasks, the relative perplexity(vs. FP16) remains within the range of 1.2–2.2, 

outperforming the next-best methods by 33%–66%

✓ On 9 zero-shot QA benchmarks, HBLLM retains 73.8%–88.8% of the original model’s accuracy



Conclusion

◼ We propose HBLLM, a 1-bit weight-only PTQ method built upon the BiLLM pipeline 

with Haar transform.

◼ HBLLM outperforms SOTA 1-bit PTQ methods across multiple LLM families and 

benchmarks.
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