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Why to propose 1-bit PTQ methods for LLMs?

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

B Post-Training Quantization (PTQ) reduce memory size by compressing LLMs without
additional training
B 1-bit PTQ methods quantize weights of LLMs into 1 bit. Compare to 16-bit models,
B potential 75~90% memory of weights saving
B potential faster inference speed
B BiLLM is the first 1-bit PTQ method without knowledge distillation.

Why not to use 7-bit PTQ methods for LLMs?

X large reconstruction error
X loss of critical information

X difficulty in adaptation to heterogeneous model structures
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B A 1-bit PTQ weight-only framework we propose.
B Integrating localized orthogonal transformations (i.e., Haar wavelets) into a BiLLM-style

quantization process with other enhancements (Table 1).

Weaknessees in 1-bit PTQ

Sources Enhancements used in HBLLM
methods
Large reconstruction error Limited expressiveness Quantization in Haar domain
e 1 : Inaccurate salient-column f2-norm-based saliency-driven
Loss of critical information : .
selection column selection

Difficulty in adaptation to
heterogeneous model structures

Frequency-aware multi-parameter

Lack of structure-aware grouping 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
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Quantization Pipeline Overview: ® Non-Salient Region Quantization

@ Salient Region Quantization

HBLLM integrates the Haar transform

Wéal
Col-HQuant P—
. . . . . . Wsal \“/
into a BiLLM-style quantization pipeline. on—sl
Row-HQuant
1. Preparation Phase: "
Compute the column-wise importance
. - . Col-HQuant —
scores using a Hessian-based saliency Wyon—sa!

metric.
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Quantization Pipeline Overview: ® Non-Salient Region Quantization

@ Salient Region Quantization

HBLLM integrates the Haar transform

Wéal
Col-HQuant »(P—
5 . 5 c o 5 Wsal \“/
into a BiLLM-style quantization pipeline. ]
B
Row-HQuant
2. Salient Column Selection and "
Quantization:
. Col-HQuant —
Select top-K salient columns — apply Wyon—sa!

HaarQuant — keep minimal-error

subset
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Quantization Pipeline Overview: ® Non-Salient Region Quantization

@ Salient Region Quantization

HBLLM integrates the Haar transform

Wéal
Col-HQuant (P—
. . . . . . Wsal \“/
into a BiLLM-style quantization pipeline. on—sa
Row-HQuant
3. Non-Salient Region Quantization: "
Fill missing values (FillAvg) — apply
; Col-HQuant —
HaarQuant again Wien-sal
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Quantization Pipeline Overview: ® Non-Salient Region Quantization

@ Salient Region Quantization

Wéal
Col-HQuant =<
Wsal 1

Arnon—sal
Wg

HBLLM integrates the Haar transform

v

A

into a BiLLM-style quantization pipeline.

Row-HQuant

4. Adjustment and Refinement

r 3

Col-HQuant




Experimental Settings
B Dataset: see the following figure
B Baselines:
BiLLM[2]. ARB-LLMJ3].
B Backbone models:
OPT, LLaMA-1, LLaMA-2, and LLaMA-3

B Evaluation Metircs:

Full Precision,

Perplexity (1), Accuracy (1)
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PB-LLM[4]. FrameQuant[5]

WikiText2
C4 PTB

PIQA BoolQ ARC-e ARC-c
HellaSwag Winogrande

COPA OBQA LAMABADA

[1] Frantar E, Ashkboos S, Hoefler T, et al. OPTQ: Accurate Post-training Quantization for Generative Pre-trained Transformers.11th International

Conference on Learning Representations(ICLR). 2023.

[2] Huang W, Liu Y, Qin H, et al. BiLLM: Pushing the Limit of Post-training Quantization for LLMs. Proceedings of the 41st International Conference on

Machine Learning(ICML). 2024: 20023-20042.

[3] Li Z, Yan X, Zhang T, et al. ARB-LLM: Alternating Refined Binarizations for Large Language Models. arXiv preprint arXiv:2410.03129, 2024.
[4] Shang Y, Yuan Z, Wu Q, et al. PB-LLM: Partially Binarized Large Language Models. The Twelfth International Conference on Learning

Representations(ICLR). 2024.

[5] Adepu H, Zeng Z, Zhang L, et al. FrameQuant: Flexible Low-Bit Quantization for Transformers. Forty-first International Conference on Machine

Learning(ICML). 2024.



Oy GA0

L o

ﬁ. NEURAL INFORMATION I FHETERFEATES ; 2
;uangdong Province Key Laboratory of Computational Science 'q“ <5

I I EXp e ri m e n ts -,.I .‘;F:ROCESSING SYSTEMS |8

== FP16

Summary of Experiment results:
HBLLM Achieves SOTA Performance in 1-bit T
PTQ methods
B The ppl ratio between HBLLM and the original

== HBLLM-row(ours)
—§— HBLLM-col(ours)
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FP16 model remains within the range of 1.2-2.2
(in Fig.1)

Avg. Relative Perplexity {

m 73.8~88.8% of the original model’ s accuracy —+
In QA tests i ModlthBSize T
m 77.1~805% memory of Weig hts saving Figure 1: Average relative perplexity (normal-
ized to FP16) on PTB, WikiText2, and C4 for
B The expected inference latency is LLaMA-1 family models, comparing LLM

. . binarization methods and our HBLLM.
approximately 31.8% of the FP16 baseline

inference time
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LLaMA1 Perplexity] LLaMA2 Perplexity]

AvgQAT AvgQAT
Size  Method  W-bits C4 Wiki2 PTB Size  Method  W-bits C4 Wiki2 PTB
FullPrecision  16.00 | 6.71 5.68 3580 | 65.62 FullPrecision  16.00 | 8.66 694 37.86| 65.54
FrameQuant 220 | 10.89 996 1047]| 56.19 FrameQuant 220 | 14.66 1334 177.1| 5275
PB-LLM 170 |90.19 1134 830.0| 3571 PB-LLM 170 | 63.95 55.40 4862 | 36.54
7B BiLLM 1.09 | 4374 4485 369.3| 4001 7B BiLLM 1.08 |33.97 3138 373.0| 42.11
ARB-LLMy  1.09 |22.80 2470 240.5| 45.65 ARB-LLMy 108 |2655 2174 3142 4541
ARB-LLMgpc 1.09 | 1513 1345 1558 | 5223 ARB-LLMpc 1.08 | 17.87 1585 4622| 46.71
HBLLM-row 109 | 949 882 8886 | 57.48 HBLLM-row 107 |11.75 1052 89.23 | 57.74
HBLLM-col 1.00 |1038 9.67 117.7 | 54.03 HBLLM-col 1.00 |12.51 11.33 150.6 | 54.09
FullPrecision 16.00 | 624 509 2536| 68.09 FullPrecision  16.00 | 6.18 4.88 43.02| 69.18 v Overall: Achieve SOTA
FrameQuant 220 | 879 7.84 50.69| 60.69 FrameQuant 220 | 940 7.80 109.3| 61.35
PB-LLM 170 | 3841 46.02 190.2| 4039 PB-LLM 170 | 313.4 2894 9344 | 3291 performance
13B BiLLM 1.10 | 13.93 1499 69.75| 50.89 13B BiLLM 1.08 |22.17 1957 3034 | 46.76 v Flexibilitv: b ficial
ARB-LLMy 1.10 | NNA NA NA | NA ARB-LLMy 108 | NJA NA NA | NA Flexibi Ity. Be beneficial to
ARB-LLMgpc 110 | 10.68 10.19 43.85| 59.58 ARB-LLMgc 108 | 1190 1098 151.8| 57.35 |
HBLLM-row 1.09 | 7.62 6.68 34.94 | 62.57 HBLLM-row 107 | 782 671 6L75| 63.61 various LLMs
HBLLM-col 1.00 | 777 698 37.62| 6125 HBLLM-col 1.00 | 828 7.00 69.74 | 62.04
FullPrecision 1600 | 531 3.53 2111 | 72.27 FullPrecision 1600 | 524 332 2149 | 72.96
FrameQuant 220 | 6.69 555 27.48| 68.58 FrameQuant 220 | NJA N/A NA | NA
PB-LLM 170 | 1266 1276 99.67 | 62.48 PB-LLM 170 | NJ/A  N/A  N/A | 5426
65B  BiLLM 1.10 | 926 858 41.93| 62.05 70B  BiLLM 1.09 | 1557 1586 71.03| 55.81
ARB-LLMy 110 | NNA NA NA | NA ARB-LLMy 109 | NNA NA NA | NA
ARB-LLMgpc 110 | 748 647 29.14| 68.53 ARB-LLMpc 109 | 726 600 2843| 68.77
HBLLM-row 1.09 | 628 507 24.11| 69.18 HBLLM-row 108 | 618 4.82 24.69| 70.01
HBLLM-col 1.00 | 644 526 3038| 67.83 HBLLM-col 1.00 | 663 504 2631 | 6861

Note: All methods are calibrated on C4 with 128 samples and a sequence length of 2048. A block size of 128
is used for channel-wise quantization, as commonly done in prior work. N/A: ARB-LLMx method cannot run
on a single 3090 GPU - 24GB. W-bits 1s the average weight overhead per weight.
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78 138 308 658 78 138 708 8B 708 1.38 278 6.78 138 308
LLaMA-1 LLaMA-2 LLaMA-3 OPT
—— FP16 PB-LLM —— BiLLM —s— ARB-LLMgc —+— HBLLM-row(ours) —+— HBLLM-col(ours)

v 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%
v' On 9 zero-shot QA benchmarks, HBLLM retains 73.8%-88.8% of the original model’ s accuracy
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B We propose HBLLM, a 1-bit weight-only PTQ method built upon the BiLLM pipeline
with Haar transform.

B HBLLM outperforms SOTA 1-bit PTQ methods across multiple LLM families and
benchmarks.







