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Motivation

Post-training quantization reduces memory and

bandwidth cost Y

But low-bit quantization still hurts model quality

A common fix is to add a low rank correction term AB

which is factorized error (E = W — W)

But attaching a separate AB to each layer/module can

cause memory traffic.




Overview of GlowQ

« Group error modules that share the same input.
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Grouping strategy 1

* In transformer blocks, several modules consume the same input
activation.

» GlowQ forms input-sharing groups such as:
- Attention group : q,k,v

MLP group : gate, up
For grouped modules, GlowQ vertically stacks their quantization

errors .
E,
E;
* Ecqr = :
| Em

Then it solves a joint low-rank approximation : E; = A;B,E.,; = AB

Computing for Embedded Lightweight Learning — CELL Lab | cell.postech.ac.k}’ v



o NLR KR T\ N )\ |/

Grouping strategy?

A plain stacked SVD only minimizes reconstruction

error in an unweighted Frobenius sense.

Real activations are highly anisotropic : some
directions are used much more frequently than

others.

GlowQ introduces a covariance-aligned objective

1 2

IRiBn ” (Ecat _ AB) Zi

F

This makes the learned right subspace focus on

data-preferred directions rather than rarely used

directions.
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Randomized SVD + QR Decomposition

This yields practical advantages such as avoiding materialization of huge matrices, lower compute/memory cost.

Algorithm 1 Covariance-aligned QR reduction and randomized SVD on the core

Require: Stacked error E.,, € R™*4, covariance ¥, = 0, target rank r, oversampling p, power
iters
Ensure: qll_.uw-mnk factors (A™, B*) for the covariance-aligned objective
I: Thin QR of E...;: compute Q.R.,. = E..; with Q{TQF = 1,
2: Core construction: set M « R, 21/% ¢ pdxd
3: Random sketch / range finding: draw £2 ~ N(0,1)9*("tP)_ set Y « MSQ: optionally do g
power steps Y «— M(M'Y)
4: Orthonormalize: Q « orth(Y) € Rdx{r+p)
5: Compressed SVD: B.,.1 +— Q" M; compute B, = uxzvT
6: Lift left factor: U — QU
7: Truncate (top-r) & balance: keep (U,, X,, V,)and set A* « U, ,/°, B* « £//°V/
8: Lift to original variables: A* + Q. A*, B« B*Z"? busea pseudoinverse if £ is
singular
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GlowQ-S Strategy
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* Not all groups or layers need restoration.

+ GlowQ-S activates only the most beneficial units under a latency or memory budget.

« LLaMA models rank groups with normalized error ratio; Qwen models rank groups with SVD energy-capture

score.
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Experiments 1

Method () config LLaMA 2 LLaMA 3 Jwen 2.5 Qwen 3 Mistral OFT

« Main metrics :

T8 13B 32-3B 31-8B 7B 14B 8B 14B B .36 6TB

FPl6 - 548 490 781 624 686 529 973 B4 532 1462 1085 L, .
° -
BnB NF4 564 497 829 6.66 7.0 564 997 BER 551 1516 10.94 WIkIteXt 2 perpleXIty
AWQ INT4,g128 561 497 824 664 701 617 1019 900 551 1522 11.23
GPTQ INT4,g128 565 535 946 663 7.1 575 998 890 551 1500 11.07

« C4 perplexity

ZeroQuant-V2  INT4, g128 572 499 H44 679 841 575 10019 904 553 1510 1114

QERA INT4, gl28 561 498 822 664 809 564 1007 885 548 1485 1100
L2QER INT4,g128 568 494 830 675 814 566 1007 885 546 1530 1L16  Downstream accu racy
GlowQ INT4, gl28 558 496 816 659 7.07 564 990 880 542 1484 1100
GlowQ-S INT4, gl28 560 496 822 662 709 568 997 880 545 1500 11.00
L2QER W4A4 590 518 942 765 911 652 1076 936 573 2740 11.32 ° The pa per presents these ga| NS
L2QER W4AS 560 495 831 676 815 567 1011 886 547 1490 11.00
GlowQ W4A4 590 520 921 742 803 655 1066 933 574 2635 1131 .
GlowQ-§ W4A4 592 520 925 745 805 661 1072 937 579 2742 11.33 as ave rage Im provements over
GlowQ W4AS 559 497 820 663 712 571 1008 885 543 1485 10.97
GlowQ-S W4AS 560 497 824 664 713 577 1010 892 548 1499 10.99 t b | .
Method Rank LLaMA 3.2-3B LLaMA 3 1-EB Qwen 3-8B (Jwen 3-14B
Acc (1) C4(]) Ace (1) Cail) Acc (1) Cail) Acc(T) C40])
FPl& - 67.14 1030 73.29 9.00 7148 14.52 74.10 13.08
Lerouani-V2 6538 1145 7348 087 T0.19 15.00 T2.62 13.79
JERA 6548 11.04 T2.86 068 6986 14.78 73.14 13.29
L20ER 4 6619 11.04 7243 963 60952 14.82 7324 13.80
Glow() 66,90 10.98 7333 9.59 T0.71 14.60 7384 13.26
Glow()-5 6633 11.07 T2.62 978 T0.29 14.77 73.24 1348
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Experiments 2

* It improves not only quality but also

Models Setting TTFB(ms) | tok/s Prefill{ms) | Decims/tok) | . f f f R
Layerwise 88.45 15.66 95.13 63.17 In erence e ICIenCy’
7B Glow(Q 82.66 17.12 92.23 58.32
LLaMA 2 Glow(Q-5 fGh.68 21.16 72.35 45.90 . . . % A
— v — — e GlowQ-S maintains accuracy within 0.2
138 Glow( 12278 12.33 136.53 81.15 ) \
Glowa:$ o017 158 11209 628 percentage points on average while
Avg. A BX (%) -5.57 +9.61 -3.37 -6.61
g 2RO By P 2y 27 achieving much larger runtime gains.
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8.4

=
&

* GlowQ reduces memory overhead and delivers

36
2s
. : <4 8.2

better performance than competing baselines E o I
under the same memory budget. g2 I] 8

g < Q e

N ||

8 16 32 64 128

PPL

= 1%

Rank (r) ¥




Conclusion

* GlowQ introduces a group-shared low-rank approximation for quantized LLMs.

* It shares one right factor across input-sharing modules, reducing redundant

computation and memory overhead.

A covariance-aligned objective improves restoration quality by focusing on data-

preferred directions.

* GlowQ-S further improves efficiency by selectively restoring only the most

beneficial groups.

 Overall, GlowQ achieves a better trade-off between accuracy, latency, throughput,

and memory usage.

Computing for Embedded Lightweight Learning — CELL Lab | ceII.postech.ac.k}‘






	Slide 1: GlowQ: Group-Shared LOw-Rank Approximation for Quantized LLMs 
	Slide 2: Motivation
	Slide 3: Overview of GlowQ
	Slide 4: Grouping strategy 1
	Slide 5: Grouping strategy2
	Slide 6: Randomized SVD + QR Decomposition
	Slide 7: GlowQ-S Strategy
	Slide 8: Experiments 1
	Slide 9: Experiments 2
	Slide 10: Conclusion
	Slide 11

