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Introduction

Distribution shift occurs after asymmetric binarization.
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The optimization of binarization parameters u and a does not adequately
reflect the real-world scenario, as it does not account for the input data X.
3. Row-wise binarization is not effective at handling column-wise deviations.
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Figure: Top: distribution shift of one row. Figure: BiLLM [1] with row-wise binarization smooths the deviations. Our
Bottom: distribution shifts of multiple rows. ARB-RC with row-column-wise binarization effectively preserves them.
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[1] BiLLM: Pushing the Limit of Post-Training Quantization for LLMs. ICML, 2024.
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Alternating Refined Binarization (ARB) A
e 1st-order ARB ’
v — (@ Refine zero-point (compensate distribution shift):
E | U<pu+9o,, where 6, := mean(R) 17
.g’ @ Refine scale: o
-§ 1 N L e
s| | ae—B (W-p)
< L—(@®) Refine binary matrix: ";h
B < sign(W — u)
Theorem 1. For any T > 0, Algorithm 1 achieves a quantization error L7 satisfying
[ =L]-m((@)?—(a®)? — (u" — u°)?) < LY, 5)
where o and 1° denote the initial scaling factor and mean respectively, o™, u”, and L7
represent the scaling factor, mean, and quantization error after the T-th iteration respectively.
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ARB with Calibration Data (ARB-X) N
° Quantization Error Decoupling is needed to
5 avoid re-computation
* weight-only: £, = ||W — W||F and save memory!

=5
* weight-activation: £, = |[WX — WX| - Where X € RP*M*™ is a small calibration set.

e Reformulation of £,
« LetS=Y,X,X,andR =W — u — aB, where S € R™*™,

+ Then £, = |[WX — WX||” = (S,R"R) = Tr(RSR").

Theorem 2. The speedup ratio 1 of the reformulation compared to the original method is

1
(10)
1 I\’
k- (n-T o B-L)
where n is the hidden dimension of W, k is the block size, and T’ is the number of iterations.
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Method N

ARB along Row-Column Axes (ARB-RC) N

e 1st-order ARB-RC
(0) Initialize binary matrix (unchanged):
B := sign(W)

— (@ Refine row scale:

diag(W(aB)") 0L,
\ a’ R — S 0

~ diag((a°B)(aB)T)

Alternating
Refine

— (@) Refine column scale:

diag(W ' (a”B)) 0L,

BiLLM [1] (row-wise
binarization)

ARB-RC (row-column-

——

wise binarization)

Columns.

[1] BiLLM: Pushing the Limit of Post-Training Quantization for LLMs. ICML, 2024.
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Column-Group Bitmap (CGB) \
salient
« Salient and Non-salient Weights (column bitmap) | group partition
Hessi - L . L group bitmap salient e
* Hessian matrix is used to identify salient weights: (4096x128) - column bitmap HENE
w? O[OATO[0[ = % = | || [m
i = ——>. 11 4 EENE
(A5 T

e Columns with higher s (salient columns) are

—

quantized by 2"9-order binarization, while non-salient

columns are quantized by Is--order binarization.

11 11

. 11 11
* Sparse and Concentrated Groups (group bitmap) AATOATAI0)— % —
* Both salient and non-salient weights are further nggl-jranlnesnt corl]l?r%-r?atjiite;\];p
divided into 2 groups by their magnitude: non-salient
G, = 1,C]OG, Gy = 1,CL.OG BiLLM [1] ours group partition
N J

[1] BiLLM: Pushing the Limit of Post-Training Quantization for LLMs. ICML, 2024.
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Text Generation N
Table 2: Perplexity of RTN, GPTQ, PB-LLM, BiLLLM, and our methods on LLaMA family. The
columns represent the perplexity results on WikiText2 dataset with different model sizes. N/A:
LLaMA-2 lacks a 30B version, and LLaMA-3 lacks both 13B and 30B versions. *: LLaMA has a
65B version, while both LLaMA-2 and LLaMA-3 have 70B versions.
Block Weight
Model Method Size Bits 7B/8B* 13B 30B 65B/70B*
Full Precision - 16.00 5.68 5.09 4.10 3.53
RTN - 3.00 25.54 11.40 14.89 10.59
GPTQ 128 3.00 8.63 5.67 4.87 4.17
RTN - 2.00 106,767.34 57,409.93 26,704.36 19,832.87
JGPTQ 128 200 ____ 12519 2046 1529 8.66
LLaMA RTN - 1.00 168,388.00 1,412,020.25 14,681.76 65,253.24
GPTQ 128 1.00 164,471.78 131,505.41 10,339.15 20,986.16
PB-LLM 128 1.70 82.76 44.93 23.72 12.81
JBILLM ] 128 109 497D 1458 = ¢ 990 8.37
ARB-LLMx 128 1.09 21.81 11.20 8.66 7.27
ARB-LLMgc 128 1.09 14.03 10.18 7.75 6.56




Experiments
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Q&A Datasets D

* ARB-LLM outperforms binary PTQ methods PB-LLM and BiLLM.
* ARB-LLM also surpasses 2-bit quantization method GPTQ.
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Figure 6: Average accuracy of 7 zero-shot QA datasets on LLaMA1&2&3 families.
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Ablation Study )

a) ARB-X and ARB-RC improve Table 4: Ablation study on LLaMA-7B, where all ARB methods are equipped with CGB except for
ablation (b). Results are measured by perplexity, with final results highlighted in bold.
upon the base ARB. (a) Effectiveness of two advanced variants (b) Effectiveness of CGB
b) CGB enhances the basic Calibration Row-column . . Method CGB WikiText2 | C4
: o Viethod update update  WVIITXZ L G4 BiLLM : 4979  46.96
bltmap used In BILLM. __Bi!_,I:I\_/I_______: _______ - 4;9;72___4;6._99_ _;\liB_-I:I:Mx___}____E6T2§___2_7._II_
. ARB X X 22.67 26.44 ARB-LLMx v 21.81 22.73
c) Column bitmap and group ARB-LLMy v X 21.81 2273 ARB-LLMgc X 15.85 19.42
. . . . g ARB-LLM X v 14.03 17.92 ARB-LLM v 14.03 17.92
bitmap in CGB significantly = =
im pact the performa nce (c) Study of decoupling column and group bitmaps (d) Study of ARB-LLMx calibration set size
. Method ST R el c4. Method R ikifextz Cal
d) ARB-X remains stable across e bitmap bitmap " © setsize
. . ) . ARB-LLMgc X X 1094245 11,03293  BiLLM 128 4979 4696
varying calibration set sizes. ARB-LLMgc X 36920 20556 ARB-LLMy 64 2479~ 25.11
. ARB-LLMgc X v 920.42 572.69 ARB-LLM 128 21.81 22.73
e) ARB-LLM performs well with ARB-LLMgc v v 14.03 17.92 ARB-LLMx 256 21.88 2428
onIy a few iterations. (e) Study of ARB-LLM iteration number (f) Study of ARB-LLM group number
f) More groups | ea d to b etter Method #Iteration WikiText2 | Method #Group WikiText2 | C4]
JBILLM - 97179 _____ | BiLIM . _ 2 . 4979 _____ 46.96 .
performance. ARB-LLMy 1/3715 22.59/21.12/21.81 ARB-LLMy 214 2181/ 655  22.73/ 8.56
ARB-LLMp¢ 1/3/15 1523/ 14.34/ 14.03 ARB-LLMyc  2/4 14.03/12.77  17.92/16.06
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Time and Memory N

Table 5: Time comparison between BiLLM and

* Quantization Time our ARB-LLM methods on LLaMA-7B.
* ARB-LLM requires only a few additional minutes, yet Method CGB #lter=1 #lter=3 #Iter=15
delivers significant improvements. BiLLM - 45 min (#lter=0)
: : : ARB-LLM X 52min 59min 70 min
* ARB-LLMy takes more time due to the Integration of ARB-LLMi Y/ 72min 78 min 88 min
libration dat ARB-LLMgc X 48min 49min 53 min
calibration data. ARB-LLMgc ¢ 67min 68min 76 min
* Compressed Memory Table 6: M.emory comparison between FP16,
PB-LLM, BiLLM, and our ARB-LLM methods.
e Although CGB requires more memory due to more
Method CGB LLaMA-7B LLaMA-13B
scaling factors, the combination of ARB-RC and CGB FP16 ) 1343GB 26,03 GB
still results in lower storage requirements than BiLLM. PB-LLM : 291 GB 5.33 GB
JBLLM - 293GB__ 536GB
ARB-LLMy X 2.93 GB 5.36 GB
ARB-LLMy vV 3.23 GB 5.95 GB
ARB-LLMgc X 2.63 GB 4.77 GB
ARB-LLMpc v 2.83 GB 5.17 GB




Conclusion

Contribution

* We propose ARB-LLM, a novel binarization framework with theoretical analyses for LLMs.
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 Based on ARB, we develop two advanced extensions: ARB-X and ARB-RC.
 We propose CGB, which improves the bitmap utilization and enhances the performance.

* ARB-LLMg. outperforms SOTA binary PTQ methods while requiring less memory.
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