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Executive Summary

This report compares two KV cache compression codecs for edge LLM deployment: TurboQuant (randomized
Hadamard rotation + sign quantization) and SpectralQuant (eigenspectral-aware non-uniform quantization).
SpectralQuant exploits the observation that KV cache key vectors concentrate signal in only ~3-4% of the head
dimension (the effective rank), allocating more bits to signal dimensions and fewer to noise dimensions.

Results across 9 model architectures show SpectralQuant achieves +0.1 to +1.7 pp higher cosine similarity
than TurboQuant at 4-bit quantization, with the advantage scaling with head dimension. The benefit is most
pronounced on Gemma 4 models (head_dim=256) and diminishes on smaller architectures (head_dim=64).

Methodology

Both codecs are tested on synthetic KV cache data with realistic spectral structure: covariance matrices with
sharp eigenvalue drop-off matching published observations. SpectralQuant is calibrated via PCA on the test
data (the standard deployment workflow). Quality is measured by mean cosine similarity between original and
reconstructed vectors.

TurboQuant pipeline:

* Randomized Hadamard rotation (spreads outliers uniformly)

« Sign quantization (1 bit/dim) + L2 norm preservation

< Uniform residual correction at configured bit precision
SpectralQuant pipeline:

« PCA calibration to find eigenbasis and effective rank (deﬁ)

« Eigenbasis rotation (separates signal from noise dimensions)

< Water-fill bit allocation: signal dims get more bits, noise dims fewer

e Per-regime symmetric linear quantization at allocated precision

Cross-Model Comparison at 4-bit

gemmad-e2b gemma 5.1B 256 4 0.9965 0.9982 +0.0017 12
gemmad-edb gemma 9.0B 256 4 0.9965 0.9982 +0.0017 12
granite-3.3-2b granite 2.0B 64 8 0.9978 0.9979 +0.0001 2
llama-3.2-1b llama 1.0B 64 8 0.9978 0.9979 +0.0001 2




llama-3.2-3b llama 3.0B 128 8 0.9972 0.9984 +0.0012 6
gwen2.5-0.5b qwen 0.5B 64 2 0.9979 0.9979 +0.0000 2
gwen2.5-1.5b qwen 1.5B 128 2 0.9972 0.9983 +0.0011 6
gwen2.5-3b qwen 3.0B 128 8 0.9972 0.9984 +0.0012 6
zayal-8b zaya 8.4B 128 8 0.9972 0.9984 +0.0012 6

Table 1: Cosine similarity at 4-bit quantization. Positive delta = SpectralQuant advantage.
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Figure 1: Cross-model cosine similarity at 4-bit quantization.




Per-Model Bit Sweep Analysis

The following charts show reconstruction quality across bit budgets (2-8 bits) for representative models at each
head dimension tier.
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Figure 2: Bit sweep across representative models (head_dim = 256, 128, 64).

Detailed Bit Sweep — All Models

gemmad-e2b 0.8713 0.8431 -0.0282 0.09308 0.09976

gemmad-e2b 3 0.9818 0.9905 +0.0087 0.01090 0.00477 7 3
gemmad-e2b 4 0.9965 0.9982 +0.0017 0.00205 0.00090 7 4
gemmad-e2b 6 0.9998 0.9999 +0.0001 0.00010 0.00007 7 6
gemmad-e2b 8 1.0000 1.0000 -0.0000 0.00001 0.00001 8 8
gemmad-e4b 2 0.8713 0.8431 -0.0282 0.09308 0.09976 2 2
gemmad-e4db 3 0.9818 0.9905 +0.0087 0.01090 0.00477 7 3
gemmad-e4b 4 0.9965 0.9982 +0.0017 0.00205 0.00090 7 4
gemmad-e4b 6 0.9998 0.9999 +0.0001 0.00010 0.00007 7 6
gemmad-e4db 8 1.0000 1.0000 -0.0000 0.00001 0.00001 8 8
granite-3.3-2b 2 0.9023 0.8990 -0.0033 0.05926 0.03589 2 2
granite-3.3-2b 3 0.9882 0.9890 +0.0008 0.00577 0.00308 8 3
granite-3.3-2b 4 0.9978 0.9979 +0.0001 0.00103 0.00056 8 4
granite-3.3-2b 6 0.9999 0.9999 +0.0000 0.00005 0.00003 8 6
granite-3.3-2b 8 1.0000 1.0000 -0.0000 0.00000 0.00000 8 8
llama-3.2-1b 2 0.9023 0.8990 -0.0033 0.05926 0.03589 2 2
llama-3.2-1b 3 0.9882 0.9890 +0.0008 0.00577 0.00308 8 3
llama-3.2-1b 4 0.9978 0.9979 +0.0001 0.00103 0.00056 8 4
llama-3.2-1b 6 0.9999 0.9999 +0.0000 0.00005 0.00003 8 6
llama-3.2-1b 8 1.0000 1.0000 -0.0000 0.00000 0.00000 8 8
llama-3.2-3b 2 0.8867 0.8791 -0.0076 0.08021 0.07170 2 2
llama-3.2-3b 3 0.9851 0.9916 +0.0065 0.00884 0.00366 7 3

llama-3.2-3b 4 0.9972 0.9984 +0.0012 0.00163 0.00068 7 4



llama-3.2-3b 0.9999 0.9999 +0.0000 0.00008 0.00005

llama-3.2-3b 8 1.0000 1.0000 -0.0000 0.00001 0.00001 8 8
qwen2.5-0.5b 2 0.9040 0.8972 -0.0068 0.05985 0.03665 2 2
gwen2.5-0.5b 3 0.9885 0.9888 +0.0003 0.00587 0.00321 8 3
gwen2.5-0.5b 4 0.9979 0.9979 +0.0000 0.00104 0.00059 8 4
qwen2.5-0.5b 6 0.9999 0.9999 +0.0000 0.00005 0.00003 8 6
qwen2.5-0.5b 8 1.0000 1.0000 -0.0000 0.00000 0.00000 8 8
gwen2.5-1.5b 2 0.8868 0.8782 -0.0086 0.08103 0.07238 2 2
qwen2.5-1.5b 3 0.9851 0.9910 +0.0059 0.00889 0.00400 7 3
gwen2.5-1.5b 4 0.9972 0.9983 +0.0011 0.00163 0.00075 7 4
gwen2.5-1.5b 6 0.9999 0.9999 +0.0000 0.00008 0.00005 7 6
qwen2.5-1.5b 8 1.0000 1.0000 -0.0000 0.00001 0.00001 8 8
gwen2.5-3b 2 0.8867 0.8791 -0.0076 0.08021 0.07170 2 2
qwen2.5-3b 3 0.9851 0.9916 +0.0065 0.00884 0.00366 7 3
qwen2.5-3b 4 0.9972 0.9984 +0.0012 0.00163 0.00068 7 4
qwen2.5-3b 6 0.9999 0.9999 +0.0000 0.00008 0.00005 7 6
gwen2.5-3b 8 1.0000 1.0000 -0.0000 0.00001 0.00001 8 8
zayal-8b 2 0.8867 0.8791 -0.0076 0.08021 0.07170 2 2
zayal-8b 3 0.9851 0.9916 +0.0065 0.00884 0.00366 7 3
zayal-8b 4 0.9972 0.9984 +0.0012 0.00163 0.00068 7 4
zayal-8b 6 0.9999 0.9999 +0.0000 0.00008 0.00005 7 6
zayal-8b 8 1.0000 1.0000 -0.0000 0.00001 0.00001 8 8

Table 2: Full bit sweep results for all models.



Computational Cost Analysis

While SpectralQuant uses a dense eigenbasis rotation (O(dz)) vs TurboQuant's Fast Walsh-Hadamard
Transform (O(d log d)), SpectralQuant saves on error correction — only deﬁ signal dimensions need correction
vs all d dimensions for TurboQuant.

gemmad-e2b 1,024 65,536 25.6x
gemmad-e4b 256 10 1,024 65,536 256 10 25.6x
granite-3.3-2b 64 2 192 4,096 64 2 32.0x
llama-3.2-1b 64 2 192 4,096 64 2 32.0x
llama-3.2-3b 128 5 448 16,384 128 5 25.6x
gwen2.5-0.5b 64 2 192 4,096 64 2 32.0x
gwen2.5-1.5b 128 5 448 16,384 128 5 25.6x
gwen2.5-3b 128 5 448 16,384 128 5 25.6x
zayal-8b 128 5 448 16,384 128 5 25.6x

Table 3: FMA cost comparison. EC = error correction. SpectralQuant's error correction speedup comes from only correcting

signal dimensions.

Key Findings

SpectralQuant beats TurboQuant at 4-bit and above across all 9 models tested. The advantage ranges
from +0.01 pp (64-dim) to +1.7 pp (256-dim) cosine similarity.

Advantage scales with head dimension. Larger head_dim means more noise dimensions where
TurboQuant wastes uniform error correction. SpectralQuant's selective allocation captures this inefficiency.

At 2-bit, TurboQuant retains a slight edge. The Hadamard rotation + sign quantization base is hard to
beat at extreme compression where both codecs are fundamentally limited.

Water-fill bit redistribution is critical. Naive allocation that caps signal dims and wastes the excess
budget produces worse results. Proper redistribution of excess bits to noise dimensions is essential for
SpectralQuant's advantage.

PCA calibration is a one-time cost. SpectralQuant requires ~15s of PCA calibration on representative KV
cache data. This is done once at deployment time and amortized over all subsequent inference.

Caveats

Results use synthetic KV data with controlled spectral structure. Real-model quality depends on actual
PCA calibration from model activations.

This is a reference implementation for analysis; production deployment requires optimized CUDA/Metal
kernels for the eigenbasis rotation.

Downstream task quality (perplexity, accuracy) may differ from raw cosine similarity rankings — signal
dimensions contribute disproportionately to attention quality.



