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Preliminary



Preliminary: KV cache

e In a transformer decoder architecture, key and value (KV) are cached to

avoid redundant computations
e The size of KV cache increases linearly with the batch size and the

sequence length.
e This leads to huge memory overhead and becomes the main bottleneck of

LLM inference



Preliminary: Vector Quantization

e A group of values (vector) is quantized by mapping it into an integer index in a
codebook
e example) quantize an 8-dimensional vector using a codebook of size 256.
o log(256) = 8 bits are needed to compress a 8-dimensional vector.
o average bitwidth=8/8=1

VQ(v) = argmin D(v, C[4])
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Preliminary: Hadamard transform

Hadamard matrix: recursively defined orthogonal matrix

1 1
H> = % 1 —1 and Hs» = Hs @ Hon-1.

Hadamard transform: Compute multiplication of the Hadamard matrix in O(n log
n) complexity.

Known properties:

e suppress outliers
e yield gaussian-like outputs



Motivation



Motivation 1: success of VQ in LLM quantization

e State-of-the-art methods in weight-only quantization: QuiP#, AQLM, VPTQ
e For KV cache: CQ (Coupled Quantization) applies VQ to KV Cache



CQ (Coupled Quantization)

Coupled Quantization

quant. error = ||A — g(4)||% = 250.6
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Idea: Generate a codebook to compress “coupled” channels.

use a small set of data, called calibration dataset to obtain KV distribution.



Motivation 2: failure of CQ in OOD (out-of-distribution) scenario

e CQ builds codebooks using the calibration dataset (16 samples, WikiText-2)
e Although it works well in an ID (in-distribution) scenario, it performs worse in

OOD scenarios. PPL on WikiText-2 and C4 (LLaMA-3.1-8B)
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Why CQ is susceptible to distribution shift

e \We find that the KV distribution relies heavily on the input distribution

LLaMA3.1-8B KV (Layer 10, Head 1)

C4 - WikiText2 - MultiNews . LCC « SAMSum



Our approach: remove a calibration process from quantization

e CQ: build a codebook that fits well to KV distribution using a small set of data
(calibration dataset)

e Ours (NSNQuant): align the KV distribution with a well-known prior
(standard normal distribution) through the normalization
o does not rely on any external data



Method



How to align KV distribution to a well-known prior?

e firstidea: use Hadamard transform, which yields normal-like (gaussian-like)
outputs
o limitation: although the shape of the distribution is normal-like, its
mean and variance are not controlled



Our approach: 3-step normalization (NSN)

e Hadamard transform: yields normal-like (gaussian-like) outputs

e NSN (Normalize-Shift-Normalize): standardize the outputs, when used with

Hadamard transform.
1. (Normalize) token-wise normalization: scale each key/value of a token

to have a scale of sqgrt(d)
2. (Shift) channel-wise centering: set mean of each channel to zero
3. (Normalize) token-wise normalization: scale each key/value of a token

to have a scale of sqrt(d)

Put together: output distribution is aligned with the standard normal distribution!



Visual illustration of effects of NSN

Original distribution Hadamard transform NSN + Hadamard transform
unpredictable Gaussian-shaped, but not standardized aligned with standard normal distribution!




Codebook construction

e KV distribution is aligned with the standard normal distribution
o we can build a single reusable codebook tailored for the standard
normal data, using the synthetic data

e Build a codebook using K-Means algorithm with further fine-tuning



NSNQuant:; overall structure
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A detailed explanation of attention computation and other components is provided in the paper



Experimental Results



PPL evaluation

Table 2: Perplexity on WikiText-2 and C4 with a context length of 4096. The results of CQ reported
in the original paper are marked with f.

Method Avg. bit width Dataset LLaMA2-7B LLaMA2-13B LLaMA3-8B LLaMA3.1-8B  Mistral-7B-v0.3
Cc4 6.63 6.04 8.32 8.43 7.48
EE1G 16 WikiText-2 5.12 4.57 5.75 5.84 4.95
Cc4 8.00 7.03 16.43 15.80 8.83
e &80 WikiText-2 6.14 5.30 10.93 10.55 6.03
C4 7.57 6.68 12.67 12.54 8.43
FEIIED d=kad 228 WikiText-2 579 5.05 8.69 8.86 5.65
C4 7.09 6.37 9.75 9.60 7.93
Y Qnant-25:4:1 % Al WikiText-2 5.52 4.88 6.74 6.71 5.32
CQ-4c9b 296 C4  7.12(7.02")  6.45(6.36") 13.97 12.24 7.86
) WikiText-2  5.36 (5.321)  4.76 (4.741) 6.16 6.28 5.16
c4 6.86 6.21 9.08 9.15 7.69
INSNEGHELL 2.2 WikiText-2 5.29 4.71 6.23 6.34 5.12
C4 30.79 14.27 33.17 37.37 12.45
KYQuant-Ib:4:1% 122 WikiText-2 13.5 9.91 27.57 33.96 9.06
C4 9.25(9.12)  8.17(8.01h) 43.78 49.60 9.60
Cellh Lz WikiText-2  6.33 (6.257)  5.53 (5.47%) 7.69 7.87 6.01
NSNQuant-1b 193 C4 8.70 7.55 16.69 17.20 9.67

WikiText-2 6.69 5.70 11.70 12.58 6.66




LongBench evaluation

Table 3: Evaluation results on LongBench. The task subset is selected following KIVI [30]. More
results with different models can be found in Table 16.

Q
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Model Method Bits N > \-\§ & o\ & © < Avg.
(5 Q§\ RS S <& A v <gﬂo
FP16 16 13.11 2353 2674 7250 91.65 4378 6304  56.17  48.82
KIVI-2 238 1204 2496 2670 7200 9197 4343 6085 5339  48.17
KIVI-2 + Had 238 1157 2428 2651 7250 9209 4321 6290 5520  48.53
KVQuant-2b+ 1% 232 13.15 2345 2624 7200 91.63 4139 60.80 5441  47.88
LLaMA3.1-8B-Instruct vy 4.0y, 226 1225 2380 2574 7150 9153 4196 6118 5446  47.80
NSNQuant-2b 223 1244 2374 2695 7250 9173 4401 6205 5509  48.56
KVQuant-1b+1% 132 991 2219 2227 4750 8892 3576 5027 4379  40.08
CQ-8¢cb10 127 884 21.18 2240 4750 87.94 3886 5381 4573  40.78
NSNQuant-1b 123 1154 2469  27.16 7150 9204 4236 60.08 4970  47.38
FP16 16 41.13 2575 2778 7600 88.59 4747 5952  60.64 5336
KIVI-2 238 3786 2462 2685 7600 8851 4593 5872  57.87  52.05
KIVI-2 + Had 238 3999 2542 2750 7600 8842 4652 5954  60.13 5294
Rl I 03 KVQuant2b+1% 232 3898 2510 2722 7600 89.02 4527 5857 6159 5272
B Lh-SIUEERS  Go:400h 226 39.85 2450 27.19 7600 8886 4556 5836 60.26 52.57
NSNQuant-2b 223 3996 2491 2754 7600 8896 4647 5870 5945 5275
KVQuant-1b+1% 132 2858 2189 2276 5050 87.75  39.62 5473 5446 4504
CQ-8c10b 127 3121 2256 2312 6450 88.09 4171 5382 5231 4716

NSNQuant-1b 123 3794  25.03 26.81 76:00 89.39 46.37  56.75 55.57 51.73




LM-eval results

Table 4: Evaluation results on GSM8K, HumanEval, CoQA, and MMLU. Accuracy is reported for
all tasks. Results with LLaMA?2-13B-Chat and LLaM A3-8B-Instruct can be found in Table 18
MMLU (4-shot, CoT)

Model Method Bits GSMB8K (8-shot, CoT) HumanEval CoQA
Humanities STEM Social Other
FP16 16 76.65 5793 6378 7147 5796 74.16 7252
KIVI-2 238 64.59 4817 6360 6444 5009 6684 66.13
KIVI-2 + Had 238 65.73 5061  63.88 6773  53.03 6850 68.14
KVQuant-2b+ 1% 2.32 70.05 5305 6237 6818 5478 7131 69.61
LEaMA3.1-8B-Instruct ey 4ogp, 226 72.93 4878 6293 6107 5266 7022 69.33
NSNQuant-2b 223 75.89 5610  63.83 7104  55.64 7342 70.74
KVQuant-1b+ 1%  1.32 21.53 2317 5355 2304 1123 3759 33.02
CQ-8¢10b 127 44.88 2561 5658 2821 2134 3197 4L10
NSNQuant-1b 123 53.45 4451 6270  59.82 4583 6534 63.77
FP16 16 53.15 3110 6558 6598 5046 71.06 6826
KIVI-2 238 4375 2866 6445 6096 3993 6352 59.05
KIVI-2 + Had 238 46.10 2805 6548 6328 4511 6699 63.07
. KVQuant-2b+ 1% 2.32 46.63 2744 6428 6300 4547 6739 6627
Mistral-7B-Instruct-v0.3  ~y 4 p, 226 47.84 310 6480 6248 4248 6873 63.98
NSNQuant-2b 223 51.02 310 6562 6492  47.65 69.11 67.56
KVQuant-1b+ 1%  1.32 16.30 1951 5595 1648 988 17.18 1421
CQ-8¢10b 127 25.93 2195 5907 2377 1762 21.09 19.78

NSNQuant-1b 123 38.89 27.44 63.60 58.52 40.34 62.34 58.43




Efficiency analysis
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Figure 4: Peak memory usage (left) and throughput (right) measured with varying batch sizes. The
residual size is set to 64. Results with varying residual sizes are available in Figure 8.




Thank you!

Donghyun Son, Euntae Choi, Sungjoo Yoo



