
To answer Q1, we show that the support of  forms a weight dependency graph for adaptive 
rounding; adaptive rounding runs in the depth of this graph. We formalize this with the SND, which 
tells us how many serial steps adaptive rounding will converge in for a given . 

 is empirically  low rank, so a natural choice is a Kronecker-factored , 
which has SND . In contrast, GPTQ's  has a SND , which is cheaper 
but, as we show later, results in a significantly worse  and quantized model! Using  
lets us bound the second order approximation of the KL, which answers Q2: 

Theorem 1 shows that we should maximize , which we can do with power iteration. The Hessian 
of the KL is the FIM , which gives two sketches: 

Both are designed to be easily computable 
with modern distributed training frameworks 
like PyTorch FSDP, and importantly, both have 
much higher cosine similarity than LDLQ and 
GPTQ's Hessian sketch !
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Sketch A assumes tokens in a sequence are independent (not true for LLMs!) and power 
iterates on . This reduces variance at the cost of bias. 

Sketch B performs one round of power iteration with an identity initialization, which gives 
, . This can be computed in a single pass!

𝔼[xxT ⊗ (∇yc)(∇yc)T]

(HO)1 ← 𝔼[(∇c)(∇c)T] (HI)1 ← 𝔼[(∇c)T(∇c)]
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The goal of LLM quantization is to preserve the output of the original unquantized model: 

 

Unfortunately, solving this problem is NP-hard. One common approximation algorithm is to instead 
perform layerwise adaptive rounding, which uses information from the Hessian of the KL to round 
each layer  independently: 

 

State of the art PTQ algorithms like LDLQ from QuIP/QuIP#/QTIP (and equivalently GPTQ) fall 
under this framework, using linear feedback from a structured approximation  of  to 
quantize. LDLQ runs the following iterative rounding procedure using the Cholesky of : 

 

This iteratively rounds  using linear feedback from  :  

Since the quantized model  is fully determined by , this raises 2 questions: 

1. What structured approximations  of  make        tractable? 

2. How well does adaptive rounding with  minimize ?
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Definition: (Structural Nilpotence Degree (SND)) Let L be a unit 
triangular matrix. snd(L) is the degree of the binary nilpotent 
matrix N with the same support (nonzero mask) as L − I, where the 
degree of N is the smallest k such that .

Lemma: Adaptive rounding converges in at most snd( ) steps

Nk = 0

L

Theorem 1. Let  and  be two p.d. matrices,  perform nearest or stochastic rounding with 
, and . Then, 

where  is the cosine similarity between  and .
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YAQA's Hessian sketches achieve much higher cosine similarity to  than LDLQ's Hessian, 
which directly translates to state of the art quantization quality and a 30% reduction in KL. YAQA 
also outperforms GuidedQuant, which can also be expressed in the SND framework! (QTIP + IP, no FT) 

Even with recovery finetuning, YAQA significantly improves performance over LDLQ (QTIP + IP + FT) 

YAQA even achieves a lower KL than Google's QAT! (Gemma 3 12B Inst., INT4 + IP, no FT) 

Although YAQA uses gradients, using as few as 2K sequences gives significantly better results 
than LDLQ while also being cheaper! (Qwen 3 8B Inst., QTIP + IP, no FT) 
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