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. I Motivation

> Massive Outliers vs Normal Outliers

® Normal: large values across specific feature dimensions and present in all token sequences
B Massive: exceedingly high values and occur in a subset of tokens
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m We are the first to discover this phenomenon,
while previous works only focus on layer outputs
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. I Motivation

» Our Observations
B Massive Outliers Exist at the Second Linear Layer (Down Proj) of FFN Module
m Traditional Methods fail to eliminate these massive outliers

* SmoothQuant[1]: cause the weights of the down-projection to display noticeable outliers
* OmniQuant[2] and AffineQuant[3]: optimization-based methods to encounter problems with loss explosion

All tokens, Limited tokens, :1000 -
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(c) Activation Change with SmoothQuant (d) Weight Change with SmoothQuant
SmoothQuant Fails to Eliminate Massive Outliers

How to eliminate both Nermal and Massive outliers?

[1]. Xiao, Guangxuan, et al. "Smoothquant: Accurate and efficient post-training quantization for large language models." ICML, 2023.
[2]. Shao, Wenqji, et al. "Omniquant: Omnidirectionally calibrated quantization for large language models." ICLR, 2024.
[3]. Ma, Yuexiao, et al. "Affinequant: Affine transformation quantization for large language models." ICLR, 2024.




DuQuant
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I Rotation
> Method

A j= max(|X;])* /max(|W[)' ~«
m We first use Smooth technique [1] to balance the quantization difficulty ¥ = X - W

- X. = (X A H(A W)
m Use rotation matrix to distribute the outliers to adjacent channels
m |deal rotation matrix R

 Orthogonal RR" =1 |R| =
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» Rotation with prior knowledge

a000 O

m Use greedy search with prior knowledge (the feature dimension of outlier) to compute a rotation
matrix R

[1]. Xiao, Guangxuan, et al. "Smoothquant: Accurate and efficient post-training quantization for large language models." ICML, 2023




| Rotation

> Rotation with prior knowledge
m Use greedy search with prior knowledge (the feature dimension of outlier) to compute a rotation matrix R
m The feature dimension d(V) = arg max;(max; |X;;|)
m Construct the rotation matrix by:

Original

~ 1 O
R'=E0RQB., Q=[5 ¢
m R : an orthogonal initialized rotation matrix, first row is specifically uniformly distributed

m E ) switching matrix used to swap the first and the d() column of the activation
m R can mitigate outliers in the first column after the transformation by Ezq)

m Q : further increase the randomness of the rotation operation, Q' is a random orthogonal matrix
®m Greedy search for N steps (once rotation may induce new outliers) Rotation once

R=R'R?.-.-R" n = argminge;.ny (max; ; [(XR!---R¥);;)

» Block-wise rotation
®m For time and memory efficiency, we use block-wise rotation matrix

].?{, = BlOCkDiag(f{bl, ...,RbK) ﬁ, c RCMXCM f{b. c Rznxzn




. I Permutation

> Limitation of Rotation

m Block-wise rotation: uneven outlier magnitudes across different blocks

m Measurement: Compute the variance of different blocks  Var([My, , Ms,, ..., Mp,|)
* For i block, the M, represents the mean values of all 0;, O; is the largest outlier in dimension d;
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B Channel permutation to balance the distribution of outliers across blocks
B Permutation transformation is also orthogonal, denote as P

m After permutation, employ another rotation transformation to further smooth the activations




| Zigzag Permutation

»Zigzag Order
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m Distribute the channels with the highest activations across the blocks in a back-and-forth pattern
B Fast with strong performance
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| DuQuant

» Linear Layer
B Smooth techniques (SmoothQuant)
m Block-wise Rotation (block size: 128)
B Permutation along with second Rotation

Y=X-W=[X-A"Rq) P Rl [Ri P -Riy(A-W)]

G G-1

> Visualization
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| DuQuant

» Theoretical Analysis
®m Within Each block, the constructed rotation matrix effectively mitigates the maximum outlier

Egn. (3) R = BlockDiag(Rs,,...,Rs,.) R € RCinXxCin R, € R2"x?"

Theorem 1 (Rotation). For the activation input X € RT*XCin R e R2"%2" j5q diagonal block
matrix constructed as per Egn. . For a specific block b;, let O;(-) represent the maximum outlier
of the j-th dimension d; within the input. Then, we can deduce that,

max Oj(Xbini)S max Oj(Xbi). (6)

1<5<2n 1<5<2n

B Zigzag permutation ensures a balanced upper bound shared among different blocks

Theorem 2 (Zigzag Permutation). For the activation input X € RT X% it can be divided into K
blocks, where K = C;y, /2". Let O; denote the max outlier of the dimension d; in X, the reordered
outliers from large to small is expressed as OV, 03, ... OCin)  Moreover, the My, represents
the mean value of all O; in the i-th block, i = 1,2,...,K. Let § := max{|O¢+t) — O¥|} i =
1,2,...,Cin—1. Then, following the zigzag permutation, the mean value M, within each i-th block
consistently satisfies,

2"K —1)(2" ! — 1)5

sz‘ < O(l) + ( AL

i=1,2,3, .. K. (7)




| Experiments

» DuQuant: Rotation — Permutation — Rotation
m LWC[1]: adjusts weights by training parameters y, f € [0,1] to compute the step sizA =

> Models: LLaMA1, LLaMA2, LLaMA3, Vicuna, Mistral
» Tasks: Language generation (PPL), Commonsense QA, MMLU, MT-Bench, LongBench

v max(X)—8 min(X)
261

Dataset | #Bit | Method | 1-7B 1-13B 1-30B 1-65B 2-7B 2-13B 2-70B
| FP16 | - | 568 509 410 353 547 488 331

SmoothQuant | 25.25 40.05 19240 275.53 83.12 35.88 26.01
OmniQuant 11.26 10.87 10.33 9.17 1426 1230 NaN

WikiText2 AffineQuant | 1028 1032  9.35 - 1269 1145 -
W4A4 | QLLM 965 841 837 687 1175 9.09 7.0

Atom 815 743 652 514 840 696 NaN

DuQuant 640 565 472 413 628 542 379

DuQuantawc | 6.18 547 455 393 608 533 376

| FP16 | | 708 661 598 562 697 646 552

SmoothQuant | 32.32 47.18 12238 24435 77.27 43.19 34.61
OmniQuant 1451 1378 1249 11.28 18.02 1455 NaN

C4 AffineQuant 13.64 1344 11.58 - 1576  13.97 -
W4A4 | QLLM 1229 10.58 11.51 898 1326 11.13  8.89
Atom 10.34  9.57 8.56 8.17 1096 9.12 NaN
DuQuant 7.84  7.16 6.45 6.03 790  7.05 5.87

DuQuant.we | 7.73  7.07 6.37 5.93 779  7.02 5.85

[1]. Shao, Wenqi, et al. "Omniquant: Omnidirectionally calibrated quantization for large language models." ICLR, 2024.



| Experiments

> Models: LLaMA1, LLaMA2, LLaMA3, Vicuna, Mistral
» Tasks: Language generation (PPL), Commonsense QA, MMLU, MT-Bench, LongBench

Vicuna | Setting | Qasper QMSum MultiNews TREC TriviaQA SAMSum DuReader RepoBench-P  Avg
FP16 23.27 21.07 26.91 66.00 82.59 41.06 25.53 48.23 41.83
Vicuna-v1.5-7B SmoothQuant 4.11 2.00 6.05 15.00 1.62 1.55 4.24 25.92 7.56
W4A4.1 OmniQuant 1.62 3.93 2.64 1.00 0.81 0.61 1.87 14.97 3.43
Atom 17.97 20.24 24.60 58.00 67.20 37.94 19.41 29.34 34.34
DuQuant 19.98 21.15 25.85 64.00 78.91 42.24 23.15 47.66 40.37
FP16 24.41 21.24 26.53 68.00 86.81 41.97 27.57 43.08 42.45
Vicuna-v1.5-13B SmoothQuant 2.18 2.95 3.54 1.50 1.83 0.35 6.71 11.57 3.83
W4 A 4 OmniQuant 0.68 1.78 2.83 9.00 1.13 0.45 13.83 8.46 4.77
Atom 17.67 20.23 23.39 59.00 80.75 38.72 21.79 37.31 37.36
DuQuant 18.93 20.72 26.59 66.50 83.04 42.67 26.02 38.09 40.32
Vicuna-v1l.5-7B DuQuant Wins Ties DuQuant Losses
vs. Atom - 68 78 16
vs. OmniQuant - Lk i 1 DuQuant v.s. FP16 | Former Win Tie Former Loss
Vicuna-v1.5-13B Vicuna-v1.5-7B 36 56 68
vs. Atom - 70 65 24 Vicuna-v1.5-13B 43 53 64
vs. OmniQuant - 117 39 4

0 20 40 60 80 100 120 140 160




| Experiments

> Settings: LLaMA2-7B, Measure on RTX 3090, Input seq --- 2048, Decoding --- 128 steps
m Pre-filling stage --- computational bound, measure the speedup

m Decoding stage --- memory bound, measure the memory usage

Peak memory usage with a batch size of 1. End-to-end pre-filling speedup on LLaMA2-7B model.
LLaMA2-7B | Pre-filling (GB) Saving Decoding (GB) Saving Batch Size ‘ FP16 Time DuQuant Time Speedup
FP16 15.282 - 13.638 -
SmoothQuant 4.782 3.196% 3.890 3.506 1 S68ms 294ms 1.93x
QLLM 5.349 2.857 % 3.894 3.502x 2 1003ms 509ms 1.97x
QuaRot 4.784 3.194 % 3.891 3.505x 3 1449ms 720ms 2.01 %
DuQuant 4.786 3.193x 3.893 3.503x
Computational overhead analysis.
3.0 2-7B Speedup ( 1) -e— 2-7BPPL(!) H
Decoding phase results of one LLaMA?2-7B layer with a batch size of 64. . 2138 Spandup (1) 2IBPRLING  About 10%
Method | Time (ms) Saving Factor Memory (GB) Saving Factor 2_138,(2'366)( 2.105x2‘324x o o  compared to W4A4
FP16 659 i 3.550 - g 20 B e g 2
SmoothQuant 437 1.508x 1.669 2.127x § s %
QLLM OOM . OOM ; at 7§
QuaRot 457 1.442x 1.678 2.116x 1.0
DuQuant 499 1.321x 1.677 2.117x ' 6
0.5 5
4

0.0
W4A4 Perm. 0 Perm. 1 Perm. 2



| Experiments

» Comparison with QuaRot [1]

B Better rotation --- utilize prior knowledge

B Permutation transformation --- further smooth activation landscape, better performance

® Jointly smooth weight and activations --- no need for GPTQ, faster

Figure 4: LLaMA2-7B Attention key_proj.

10]

(a) Hadamard (b) Ours

Table F22: Evaluation results between QuaRot and DuQuant under QuaRot settings.

Model | Method | WikiText2 | C4] | PIQA WinoGrande HellaSwag ARC-E ARC-C LAMBADA Avg?
FP16 5.47 6.97 | 79.11 69.06 75.99 74.58 46.25 73.90 69.82

LLaMA2-7B | QuaRot-RTN 8.37 - 72.09 60.69 65.4 58.88 35.24 57.27 58.26
W4A4 QuaRot-GPTQ 6.1 - 76.77 63.77 72.16 69.87 40.87 70.39 65.64
QuaRot Setting | DuQuant 6.23 791 | 76.28 66.93 72.96 69.99 40.53 69.61 66.05
DuQuant.wc 6.01 7.67 | 77.64 67.8 72.97 70.37 41.81 69.53 66.69

FP16 4.88 6.46 | 80.47 72.22 79.39 77.48 49.23 76.75 72.59

LLaMA2-13B | QuaRot-RTN 6.09 - 77.37 67.32 73.11 70.83 43.69 70.66 67.16
W4A4 QuaRot-GPTQ 54 - 78.89 70.24 76.37 72.98 46.59 73.67 69.79
QuaRot Setting | DuQuant 5.39 7.05 | 78.51 70.88 76.80 74.62 48.21 73.92 70.49
DuQuant.wc 5.27 6.93 | 78.73 70.88 77.20 74.07 47.27 73.96 70.35

Table F24: Quantization runtime comparison on a single NVIDIA A100 80G GPU.

Model | LLaMA2-7B LLaMA2-13B LLaMA2-70B
QuaRot 20min 36min 5.1h
DuQuant 50s 71s 270s

[1]. Ashkboos, Saleh, et al. "Quarot: Outlier-free 4-bit inference in rotated lims." NeurlPS 2024.

Table 8: PPL () comparison under W4A4 setting.

Method | 1-7B  1-13B  1-30B 2-7B 2-13B
FP16 | 5.68 5.09 410 547 4388
QuaRot-RTN 7.08  6.57 544 9.66 6.73
QuaRot-GPTQ | 6.44  5.63 473 639 5.5
DuQuant 6.40  5.65 472 628 542
DuQuant.wc | 6.18  5.47 455 6.08 5.33
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